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Abstract
Non-coding RNAs (ncRNAs) are transcripts that function directly as RNA molecule without
ever being translated to protein.
The transcriptional output of eukaryotic cells is diverse, pervasive, and multi-layered. It con-
sists of spliced as well as unspliced transcripts of both protein-coding messenger RNAs and
functional ncRNAs. However, it also contains degradable non-functional by-products and
artefacts — certainly a reason why ncRNAs have long been wrongly disposed as transcrip-
tional noise.
Today, RNA-controlled regulatory processes are broadly recognized for a variety of ncRNA
classes. The thermoresponsive ROSE ncRNA (repression of heat shock gene expression) is
only one example of a regulatory ncRNA acting at the post-transcriptional level via confor-
mational changes of its secondary structure.
Bioinformatics helps to identify novel ncRNAs in the bulk of genomic and transcriptomic
sequence data which are produced at ever increasing rates. However, ncRNA annotation
is unfortunately not part of generic genome annotation pipelines. Dedicated computational
searches for particular ncRNAs are veritable research projects in their own right. Despite best
efforts, ncRNAs across the animal phylogeny remain to a large extent uncharted territory.
This thesis describes a comprehensive collection of exploratory bioinformatic field studies
designed to de novo predict ncRNA genes in a series of computational screens and in a
multitude of newly sequenced genomes. Non-coding RNAs can be divided into subclasses
(families) according to peculiar functional, structural, or compositional similarities. A simple
but eligible and frequently applied criterion to classify RNA species is length. In line, the
thesis is structured into two parts: We present a series of pilot-studies investigating (1) the
short and (2) the long ncRNA repertoire of several model species by means of state-of-the-art
bioinformatic techniques.
In the first part of the thesis, we focus on the detection of short ncRNAs exhibiting thermo-
dynamically stable and evolutionary conserved secondary structures. We provide evidence
for the presence of short structured ncRNAs in a variety of different species, ranging from
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bacteria to insects and higher eukaryotes. In particular, we highlight drawbacks and oppor-
tunities of RNAz-based ncRNA prediction at several hitherto scarcely investigated scenarios,
as for example ncRNA prediction in the light of whole genome duplications. A recent mi-
croarray study provides experimental evidence for our approach. Differential expression of at
least one-sixth of our drosophilid RNAz predictions has been reported. Beyond the means
of RNAz, we moreover manually compile sophisticated annotation of short ncRNAs in schis-
tosomes. Obviously, accumulating knowledge about the genetic material of malaria causing
parasites which infect millions of humans world-wide is of utmost scientific interest.
Since the performance of any comparative genomics approach is limited by the quality of its
input alignments, we introduce a novel light-weight and performant genome-wide alignment
approach: NcDNAlign. Although the tool is optimized for speed rather than sensitivity and
requires only a minor fraction of CPU time compared to existing programs, we demonstrate
that it is basically as sensitive and specific as competing approaches when applied to genome-
wide ncRNA gene finding and analysis of ultra-conserved regions.
By design, however, prediction approaches that search for regions with an excess of mutations
that maintain secondary structure motifs will miss ncRNAs that are unstructured or whose
structure is not well conserved in evolution.
In the second part of the thesis, we therefore overcome secondary structure prediction and,
based on splice site detection, develop novel strategies specifically designed to identify long
ncRNAs in genomic sequences – probably the open problem in current RNA research. We
perform splice site anchored gene finding in drosophilids, nematodes, and vertebrate genomes
and, at least for a subset of obtained candidate genes, provide experimental evidence for
expression and the existence of novel spliced transcripts undoubtedly confirming our approach.
In summary, we found evidence for a large number of previously undescribed RNAs which
consolidates the idea of non-coding RNAs as an abundant class of regulatory active tran-
scripts. Certainly, ncRNA prediction is a complex task. This thesis, however, rationally
advises how to unveil the RNA complement of newly sequenced genomes. Since our results
have already established both subsequent computational as well as experimental studies, we
believe to have enduringly stimulated the field of RNA research and to have contributed to
an enriched view on the subject.
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Introduction
1.1 Motivation
The central dogma of biology dictates that genetic information flows from DNA to RNA to
protein. It has been generally assumed, since the dawn of the genetic age, that genes encode
proteins and proteins carry out most structural, catalytic, and regulatory functions in cells
of virtually all species, from microbes to mammals. Consequently, the idea that biological
complexity correlates with the number of protein-coding genes was obvious and popular.
In recent years, ground-breaking advances in large-scale genome sequencing have led to both
great insights but also unexpected mysteries fundamentally challenging established paradigms.
Demand for DNA sequence information has never been greater. Applications span countless
research interests, including sequence variation studies, comparative genomics and evolution,
forensics, diagnostics, and even therapeutics [Metzker 2005]. Today, the genomic sequence of
a variety of species is publicly available. Their analyses revealed intriguing phenomena: Ex-
amples include the fact that the genomic sequences of human and chimp are nearly identical,
they roughly differs in only one percent [Chimpanzee Sequencing and Analysis Consortium
2005]. A scientist may immediately ask if that is enough to explain apparent physiological
or neurological differences between these species. From a philosophical point of view, the
question “What makes us human?” sounds reasonable. Furthermore and contrary to prior
expectations, the number of protein-coding genes in the genome of the roundworm Caenorhab-
ditis elegans is currently estimated to be of same order of magnitude as in genomes of higher
eukaryotes, i.e. human or mice [Taft et al. 2007]. However, only ∼2% of the human genome
effectively codes for proteins [Mattick 2003, Taft et al. 2010] — what about the remaining
residues, the genome’s fraction previously despised as so called “junk DNA”?
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Two recent findings constitute the missing link to an explanation of such apparent paradox
phenomena [Taft et al. 2010]: It turned out that (A) biological complexity generally correlates
with the proportion of the genome that is non-protein-coding [Taft et al. 2007] and (B) that,
although 98% of the human genome are non-protein-coding, the vast majority is actively
transcribed, largely as short and long non-coding RNAs (ncRNAs) [Taft et al. 2010]. Since
there is accumulating evidence that ncRNAs are involved in a plethora of cellular regulatory
processes, these molecules can not longer be seen as mere intermediates between DNA and
protein — functional ncRNAs rather independently orchestrate the development of complex
organisms themselves [Mattick 2001; 2007, Taft et al. 2010].
With the discovery of microRNAs [Lagos-Quintana et al. 2001, Lau et al. 2001, Lee & Ambros
2001] and the advent of genome-wide transcriptomics, non-protein-coding transcripts have
moved from a fringe topic to a central field research in molecular biology. To date, the
prediction, comparison, and (functional) annotation of ncRNAs are major tasks of current
RNA research. Bioinformatics helps to identify novel ncRNAs in the bulk of sequence data
which are produced at an ever increasing rate, including complete genomic sequences as well
as whole transcriptomes. However, ncRNA annotation is unfortunately not part of generic
genome annotation pipelines. Dedicated computational searches for particular ncRNAs are
veritable research projects in their own right. Despite best efforts, ncRNAs across the animal
phylogeny remain to a large extent uncharted territory.
The subject of this thesis is to detect ncRNAs in genomic data.
We describe a comprehensive collection of exploratory bioinformatic field studies designed to
de novo predict ncRNA genes in a multitude of newly sequenced genomes. NcRNAs constitute
a very heterogeneous class of transcripts. According to particular functional, structural, or
compositional similarities, they can be divided into subclasses (families) — each with inherent
characteristics often complicating general computational surveys. A simple but eligible and
frequently applied criterion to classify RNA species is length. In line, this thesis is structured
into two main parts: After introducing biological and technical prerequisites, we (1) focus on
the prediction of short ncRNAs in a series of computational screens and (2) develop novel
strategies to identify long ncRNAs — probably the open problem in the field.
In the following, we will outline selected biological as well as technical basics of RNA bi-
ology and RNA bioinformatics. Obviously, both topics are strongly connected. Its crucial
to understand the biological context to develop accurate bioinformatic tools. In turn, an
overview of technical fundamentals seems appropriate, since we apply, combine, and modify
many techniques, i.e. multiple sequence alignment, RNA structure prediction, or machine
learning approaches, in the main part of the thesis.
2
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1.2 Biological introduction
1.2.1 Eukaryotic genome organization
DNA is the genetic material of all living beings. Immediately with the elucidation of its double
helical structure, more than 50 years ago, DNA was considered to be implicated in a “possible
copying mechanism of the genetic material” [Watson & Crick 1953]. The eukaryotic genome
is linear, as opposed to the typically circular DNA of bacterial cells. In eukaryotic cells, DNA
is complexed with histones forming nucleosomes. These are then elegantly condensed to
chromatin fibres that coil to chromosomes. Beyond these basic, universal features, eukaryotic
genomes vary dramatically in terms of size and gene counts.
A decade ago, the eukaryotic genome was preferentially seen as a rather simple linear ar-
rangement of separated individual genes and a few “ancient” RNA genes. A series of recent
studies of the mammalian transcriptome have dramatically changed our perception of genome
organization. Experimental studies using a variety of different techniques, from tiling arrays
[Bertone et al. 2005, Kampa et al. 2004, Johnson et al. 2005, Cheng et al. 2005] to cDNA
sequencing [Okazaki et al. 2002, Imanishi et al. 2004, Carninci et al. 2005, Ravasi et al. 2006],
agree that a substantial fraction of the genome is transcribed and that ncRNAs are the dom-
inating component of the transcriptome. Popular large-scale transcriptome studies, such as
the ENCODE Pilot Project [ENCODE Project Consortium 2004, ENCODE Project Con-
sortium 2007] or the mouse cDNA project FANTOM3 [Maeda et al. 2006], leave no doubt
that the mammalian transcriptome is characterized by a complex mosaic of overlapping, bi-
directional transcripts and conclude that a plethora of non-protein-coding transcripts arise
from the same locus [Prohaska & Stadler 2007]. Figure 1.1 illustrates this situation with
regard to subsection 1.2.2, introducing major ncRNA classes and their functions.
However, this newly discovered complexity is not unique to mammals. Similar high-throughput
studies in invertebrate animals [Manak et al. 2006, He et al. 2007] demonstrate the general-
ity of the mammalian genome organization among higher eukaryotes. Even the yeast Sac-
cheromyces cervisiae genome, so far considered as conceptually well understood, surprises
with a much richer transcriptional landscape than previously anticipated [Havilio et al. 2005,
David et al. 2006, Miura et al. 2006].
Both experimental and computational evidence suggest that many of the newly discovered
transcripts and processing products are indeed functional.
3
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     PARs 
(e.g. tiRNAs) antisense lncRNA
endo-siRNAs
[overlapping 3’ UTRs][repeat element]
Epigenetic 
modifications
Transcriptional 
regulation
Post-transcriptional 
regulation
Genome integrity / 
transposon defense
Viral defence
miRNAspiRNAs
snoRNAs
sdRNA
Figure 1.1. Simplified representation of regulatory ncRNAs and their functions.
The figure is taken from [Taft et al. 2010] with kind permission of the corresponding
author. A dazzling array of (endogenous) ncRNA species implicated in a plethora of
functional roles arises from a genomic locus. Generalized gene models are presented in
grey and orange and overlap the double-strand DNA structure (light grey), representative
of the genome. Each class of regulatory RNA is defined by a color and functions are
ascribed analogously. Selected ncRNA classes are introduced in subsection 1.2.2, see [Taft
et al. 2010] for a full discussion. PARs, promoter-associated RNAs; sdRNAs, sno-derived
RNAs; endo-siRNAs, endogenous siRNAs; tiRNAs, transcription initiation RNAs.
1.2.2 Non-coding RNAs – insights into functions
In contrast to protein-coding genes, however, ncRNAs do not form a homogeneous group of
transcripts but rather belong to a diverse array of classes with vastly different structures,
functions, and evolutionary patterns [Eddy 2001, Mattick 2003, Hu¨ttenhofer et al. 2005,
Costa 2005; 2006, Bompfu¨newerer Consortium et al. 2007]. The number of observed ncRNAs
described in the literature is constantly growing. In case a function could be assigned to
newly identified ncRNAs, the underlying molecular mechanisms are often poorly understood.
The ∼100 bp long ROSE ncRNA (repression of heat shock gene expression) is an example
of a well-studied regulatory ncRNA acting at the post-transcriptional level. Firstly found in
Bradyrhizobium japonicum, its thermoresponsive secondary structure influences heat shock
gene expression by controlling ribosome access to the ribosome-binding site [Narberhaus et al.
1998, Nocker et al. 2001a]. ROSE, present in the 5’-UTR of some heat shock mRNAs, is a
negative regulator of heat shock gene expression. Under normal conditions, it blocks access to
the ribosome binding site. During heat shock, its structure undergoes a conformational change
freeing the ribosome binding site and allowing expression to occur. Temperature perception
by a sensory RNA is an ordered process that likely takes place without auxiliary factors
[Chowdhury et al. 2003]. ROSE elements are functionally interchangeable between rhizobia
4
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Class Members
ancient RNAs rRNAs, tRNAs, snRNAs, SRP RNA, RNase P
Pol III transcripts vRNA, Y RNA, tRNAs, MRP, U6, H1, 7SK, 7SL
repeat associated miRNAs, rasiRNAs, 4.5SH RNA, 4.5SI RNA, LINEs, SINEs
small RNAs miRNAs, siRNAs, rasiRNAs, piRNAs
mRNA-like H19, AncR-1, Ntab, U87HG, BIC, Evf-1
mRNA-like associated miRNAs, snoRNAs
Table 1.1. Functional RNAs in eukaryotes. The table is adopted from [Bompfu¨newerer
Consortium et al. 2007]. It highlights only a small selection of classes and a few represen-
tatives. Visit the Rfam (http: // rfam. sanger.ac. uk ) for a comprehensive collection.
species and similar RNA thermometers are found in alpha- and gamma-proteobacteria hinting
at a common regulatory principle [Nocker et al. 2001b, Waldminghaus et al. 2005].
In the following, we introduce a small selection of RNA species from the rapidly expanding
RNA universe [Storz 2002, Hannon et al. 2006], see Table 1.1. Their key regulatory roles in
diverse cellular processes, including the control of genome dynamics, cell biology, and devel-
opmental programming, become increasingly evident [Amaral et al. 2008]. We deliberately
present splicing in more detail, since it constitutes the biological key process on which we
base the prediction of long ncRNAs, see chapter 3.
Ribosomal RNAs (rRNAs) and transfer RNAs (tRNAs) are basic components of the pro-
tein synthesis machinery and can be found in all domains of life. They belong to the well
characterized class of “ancient” RNAs performing classical “house-keeping” functions. Other
representatives of this class are the small nuclear RNAs (snRNAs) which belong to the group
of catalytically active spliceosomal RNAs [Valadkhan & Manley 2001, Valadkhan et al. 2007].
In the nucleus of eukaryotic cells, splicing takes place after the transcription of genes to pre-
messenger RNAs (pre-mRNAs). It determines the process of accurate intron removal out of a
precursor RNA followed by the ligation of remaining exons to the mature mRNA transcript.
A necessity due to the split nature of eukaryotic genes. Splice sites mark the boundaries be-
tween exonic and intronic sequences: The 5’-start of an intron is known as the donor site, the
3’-terminal site of an intron is called the acceptor. A large ribonucleoprotein (RNP) complex,
the spliceosome, catalyzes the solid recognition of pre-mRNA SS, orchestrates the precise
excision of intron lariat through a two step transesterification reaction [Hastings & Krainer
2001, Brow 2002], and adjuvants the resulting formation of the mature spliced mRNA. The
spliceosome consists of five U snRNPs, small stable snRNAs bound by several proteins, plus
5
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probably more than 200 other less stably associated auxiliary splicing factors [Jurica & Moore
2003]. Basically, splicing occurs within two compositionally distinct machineries, designated
as U2- and U12-dependent [Johnson 2002, Patel & Steitz 2003, Marz et al. 2008]. The major
spliceosome, containing the U1, U2, U4, U5, and U6 snRNAs, is predominantly utilized in
metazoans, plants, and fungi to recognize canonical 5’GT and 3’AG SS dinucleotides (rarely
also AT-AC and GC-AG). The minor spliceosome contains the U11, U12, U4atac, U5, and
U6atac snRNAs. It is also present across most metazoan taxa, including vertebrates, insects,
and cnidarians [Patel & Steitz 2003]. Predominantly, it recognizes GT-AG as well as AT-AC
SS (rarely other terminal variants [Dietrich et al. 2005]). Basically, both machineries are
structurally and functionally analogous [Patel & Steitz 2003, Will & Lu¨hrmann 2005].
Besides the “ancient” classes, the function of several Pol III transcripts remains unknown.
Vault RNAs [Mossink et al. 2003, van Zon et al. 2003, Stadler et al. 2009] seem to play a
critical role in multidrug resistance [Gopinath et al. 2005, Mashima et al. 2008]. Recently, it
was shown that they encode several regulatory small RNAs by mechanisms that differ from
the canonical miRNA pathway [Persson et al. 2009]. Y RNAs [Maraia et al. 1994, Farris et al.
1995; 1999] control activity of RNA chaperones [Belisova et al. 2005, Stein et al. 2005].
Some ncRNAs exhibit similarity to retro-elements. In mammals, SINEs are derived from
tRNAs and 7SL RNAs and LINEs from tRNAs [Deininger & Batzer 2002, Kramerov &
Vassetzky 2005]. Both are able to serve as source for new ncRNAs, as shown for a set
of microRNAs [Smalheiser & Torvik 2005, Tanzer et al. 2005], 4.5SH RNA [Gogolevskaya
& Kramerov 2002] or 4.5SI RNA [Gogolevskaya et al. 2005]. Interestingly, the ncRNAs are
derived from the long terminal repeats (LTRs) of LINEs, not from their protein-coding regions.
The small RNA generating loci in Arabidopsis follow a similar principle: inverted duplication
of target genes leads to new miRNAs [Allen et al. 2004]. Signal recognition particle (SRP)
RNA, also known as 7SL RNA, is part of a ribonucleoprotein that directs packaged proteins
to their appropriate locations in the endoplasmic reticulum.
Small 20 nt long ncRNAs seem to serve as an exchangeable RNA module in protein complexes
allowing them to bind DNA and RNA in a sequence specific way. MicroRNAs, one of the
most abundant and prominent classes of ncRNA, are found in plants, animals, and viruses,
and play an important role in gene silencing [Ghildiyal & Zamore 2009]. They are produced
by Dicer cleavage of imperfect RNA hairpins encoded in long primary transcripts or short
introns, associate with Argonaute proteins, and are primarily involved in post-transcriptional
gene regulation, i.e. translational repression, mRNA cleavage, and mRNA decay initiated by
miRNA-directed deadenylation of targeted mRNAs [Zhang et al. 2007]. Similarly, siRNAs
are produced by Dicer cleavage of complementary dsRNA duplexes. They form complexes
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with Argonaute proteins and are involved in gene regulation, transposon control, and viral
defense [Malone & Hannon 2009]. “Piwi-interacting RNAs” (piRNAs) are Dicer-independent,
presumably testes-specific, small RNAs of about 26-30 nt length suggestive to be involved in
germline development, silencing of selfish DNA elements, and in maintaining germline DNA
integrity [Klattenhoff & Theurkauf 2008, Choudhuri 2009]. They associate with PIWI-clade
Argonaute proteins and regulate transposon activity and chromatin state [Malone & Hannon
2009]. In contrast to miRNAs, however, piRNAs are not contained in miRNA like stem-loop
structures or other conserved RNA secondary structures.
The broad class of long non-coding RNAs (lncRNAs) encompasses all non-protein-coding
RNA species > 200 nt [Wilusz et al. 2009, Mercer et al. 2009]. Long ncRNAs, such as roX in
Drosophila [Franke & Baker 2000, Ilik & Akhtar 2009] or Xist in mammals [Agrelo & Wutz
2009; 2010], are key players in epigenetic regulation, imprinting, and gene dosage compensa-
tion. A subclass of lncRNAs recently receiving increasing attention is called messenger-like
non-coding RNAs (mlncRNAs). These RNAs resemble mRNAs in length and in biogenetic
characteristics, since they are capped, polyadenylated and often multiply spliced. How-
ever, they harbor little coding potential, lack open reading frames, and are generally poorly
conserved among mammals. Transcriptional control, [Berteaux et al. 2004; 2005, Carninci
et al. 2005], tissue specific differential expression [French et al. 2001], alternative splicing
and polyadenylation [Sawata et al. 2004] of mlncRNAs do not seem to differ from those of
protein-coding polymerase II products. Predicted amino-acid sequences for such transcripts
are usually not conserved within a genus [Inagaki et al. 2005]. To date, molecular functions
have only been described for a small minority of mlncRNAs. They act at different levels of
cellular regulatory networks, employing a series of different mechanisms. Some are precursors
of small RNAs [Kapranov et al. 2007, Carlile et al. 2008]. For example, exons as well as introns
of mlncRNAs can be processed into miRNAs [Rodriguez et al. 2004, Cai & Cullen 2007, He
et al. 2008] or snoRNAs [Makarova & Kramerov 2007, Dieci et al. 2009]. A few examples of
functional ncRNAs that changed their host genes have been reported [Rodriguez et al. 2004,
Bompfu¨newerer et al. 2005]. Several mlncRNAs directly exert their function as large RNA:
for example, the Evf-2 transcript acts as transcriptional enhancer for distal-less homeobox
genes [Faedo et al. 2004, Feng et al. 2006], the hsrω RNA is key to the heat shock response
in Drosophila [Arya et al. 2007], NRON suppresses the transcription factor NFAT [Willing-
ham et al. 2005], and HOTAIR is involved in transcriptional repression of the mammalian
HOX-D cluster [Rinn et al. 2007]. Many mlncRNAs are specifically expressed in cell types
or developmental stages and often have a specific localization within cells [Tupy et al. 2005,
Inagaki et al. 2005, Ravasi et al. 2006, Mercer et al. 2008], suggesting that their expression is
regulated and not an artefact. Furthermore, mlncRNAs are up- or down-regulated in human
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Figure 1.2. Recent examples of the various levels of regulation of eukaryotic gene
expression and cell biology by ncRNAs. The figure is taken from [Amaral et al.
2008] with kind permission of the corresponding author. It depicts a eukaryotic cell and
a couple of cellular processes to which ncRNAs contribute. Examples include structural
organization of chromosomes, heterochromatin formation, telomere maintenance, mRNA
stability, or transcriptional regulation. See [Amaral et al. 2008] for a complete discussion.
cancer cells [Calin et al. 2007]. Only a hand full are annotated in databases as in Y2K [Erd-
mann et al. 1999; 2000] or RNAdb [Pang et al. 2005]. Given that transcription of non-coding
regions is abundant [Carninci et al. 2005, Manak et al. 2006], these few well-studied examples
suggest the existence of many more functionally important mlncRNAs.
Nowadays, in the post-ENCODE era, functional versatility of both short and long ncRNAs
becomes apparent. The eukaryotic genome is pervasively transcribed [Jacquier 2009] and
there is mounting evidence that ncRNAs function at various levels regulating gene expression
and cell biology [Amaral et al. 2008], see Fig. 1.2.
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1.3 Technical introduction
In the last decade genomic and other molecular research technologies rapidly developed and,
combined with elementary advances in information technologies, tremendous amounts of bi-
ological data were created at phenomenal rates Reichhardt [1999]. Today, many of current
challenges in biology are challenges in computing. Solutions to a variety of bioinformatic
problems are often difficult to obtain, since either the processed data are extremely large or
the applied algorithm suffers from excessive time or memory requirements. Instead of com-
puting the correct answer of a particular problem, many bioinformatic approaches focus on
the computation of an optimal solution. Such optimization problems are often solved by dy-
namic programming (DP), a concept firstly introduced by Bellman in the early 1950s [Bellman
1952]. Basically, DP refers to a mathematical optimization method but it also encompasses
a computer programming technique. Generally, DP comprises three steps: (1) Simplify a
complicated problem by breaking it down into slightly smaller sub-problems. (2) Compute
optimal solutions to the sub-problems in a recursive manner using this three step process. (3)
Compute an optimal solution of the original problem based on the optimal solutions of its
particular sub-problems. Hence, DP is only applicable to problems that consist of recursively
nested sub-problems. Prominent bioinformatic applications of DP in the context of RNA
research are sequence alignment, gene finding, or RNA folding [Eddy 2004].
In this chapter, we give an overview on pairwise and multiple sequence alignment and discuss
the main principles that underpin RNA secondary structure prediction. We briefly introduce
the general concept of machine learning, since it has widely been used to solve numerous
bioinformatic classification problems. We explain the rationals behind RNAz, a state-of-the-
art machine learning approach to predict ncRNAs. Finally, we explain the fundamentals
of clustering RNA secondary structures. These methods are not only relevant concepts.
Among others, they form the basis for recent advances in the detection of novel ncRNAs and,
therefore, are of fundamental importance for this thesis.
1.3.1 Sequence alignment
The most basic task in sequence analysis is probably to ask if two sequences are related.
Basically, sequence alignment gives solutions to inexact string matching problems. Tradition-
ally, it can be seen as an optimization problem where similarity between two sequences is
maximized [Needleman & Wunsch 1970] or distances are minimized [Sellers 1974]. However,
these two procedures are proven to be equivalent and return the same results [Smith et al.
1981].
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In general, we distinguish between three basic variants of pairwise alignment: global, local,
and semi-global alignment. All three variants can be solved by application of DP. In the
forward recursion a substitution matrix for the two sequences is computed and the backward
recursion yielding the optimal alignment comprises the computation of an optimal path trough
the particular matrix. Obviously, every path through this matrix depicts an alignment of
the two sequences. These can also be interpreted as the character-wise transformation of
one sequence to another via elementary edit operations. If two sequences share a common
ancestor, mismatches in their alignment can be interpreted as substitutions and gaps represent
insertion or deletion events that happened since their divergence. More formally, sequences
are the concatenation of characters of an alphabet A. The empty sequence is given as {−}.
We define the set of sequences on A as
A∗ =
⋃
i≥0
Ai (1.1)
with A0 = {−} and Ai+1 = {aw|a ∈ A, w ∈ Ai}. Let the sequences x, y have lengths n,m.
An edit operation is defined as the pair
(a, b) ∈
(
A1 ∪ {−}
)
×
(
A1 ∪ {−}
)
\ {(−,−)} (1.2)
Pairwise sequence alignment, hence, is the establishment of residue-to-residue correspondence
between two sequences by introducing gaps in one or the other sequence such that the order
of residues in each sequence is preserved. Aligning two gap characters is always forbidden.
The total score (when maximizing similarity) or the total costs (when minimizing distances)
of an alignment A having length l, where i and j mark particular positions in the sequences
x and y, is then given by
δ(A) =
l∑
i=1
δ(xi, yi) (1.3)
with xi 6= yi, δ(x, x) = 0, and δ(x, x) = δ(y, x). The case of δ(x, y) = 1 is called the
Levenshtein distance of two strings. Its the minimum number of edits needed to transform
one string into the other, with the allowable edit operations being insertion, deletion, or
substitution of a single character.
Generally, an additive alignment’s scoring function f defined as
f : A∗ ×A∗ → R (1.4)
satisfies the conditions of a metric. Let {x, y, z} ∈ A∗, a scoring function must be positive
definite
d(x, x) = 0 (1.5)
d(x, y) = 0→ x = y (1.6)
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symmetric
d(x, y) = d(y, x) (1.7)
and it satisfies the triangle-inequality
d(x, y) + d(y, z) ≥ d(x, z) (1.8)
According to the standard linear gap-cost model where inserting gaps independently of the
current index position is equally penalized, the recursions of the Needleman-Wunsch algorithm
[Needleman & Wunsch 1970] which computes an optimal pairwise global alignment are given
by
Mi,j = max


Mi−1,j−1 + σ(xi, yj),
Mi−1,j + γ,
Mi,j−1 + γ
(1.9)
Here, M denotes the (m + 1) × (n + 1) substitution matrix and σ constitutes the scoring
function
σ(α, β) =

smatch, if α == β,smismatch, otherwise (1.10)
for some characters {α, β} ∈ A. Matching two residues is often scored by smatch = 1,
mismatches are penalized by smismatch = −1, and insertions or deletions are penalized by
γ = −2. In dependence of the biological problem, other decent scoring schemes can be
applied.
The substitution matrix M is initialized with
M0,0 = 0, Mi,0 = i ∗ γ ∀1 ≤ i ≤ n, M0,j = j ∗ γ ∀1 ≤ j ≤ m (1.11)
whereMi,0 andM0,j provide the scores for an alignment in which one of the two subsequences
was completely deleted. After the forward recursion, the final optimal alignment score can be
found at the matrix entryMn,m. The optimal alignment can then be obtained by backtracking
fromMn,m toM0,0, see Fig. 1.3. Thereby, the alignment is generated in reverse order starting
with its last column. Diagonal steps through the matrix indicate the alignment of two residues
(match/mismatch), moving left or upwards indicates the insertion of a gap or the deletion of a
particular residue, respectively. A trivial implementation of the algorithm requires O(m×n)
memory to store the matrix and computes the pairwise alignment in O(m+ n) time.
Affine gap costs [Gotoh 1982] represent a more intuitive way of penalizing gaps, since they
more soundly model sequence evolution. Here, the costs of a gap g of length ` are defined as
11
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Figure 1.3. Simple example of a Needleman-Wunsch pairwise sequence align-
ment. The substitution matrix was derived according to the scoring scheme: smatch = 1,
smismatch = −1, and gap penalties γ = −2. The backtracking path for the optimal align-
ment is indicated by red arrows.
g` = γopen + ` · γextend (1.12)
Conveniently, the penalty γextend to extend an existing gap is smaller than the penalty γopen
for opening a new gap. In general, this encourages the extension of gaps rather than the
insertion of new ones.
As an extension of pairwise alignment, multiple sequence alignment (MSA) allows to relate
a set of putatively homologous sequences. Basically, MSAs are a prerequisite to virtually all
comparative genomic analyses [Kumar & Filipski 2007], including the detection of conserved
sequence motifs, structure prediction, or estimation of evolutionary relationships among genes
or species. Similarly to pairwise alignments, MSAs of n sequences can naively be computed
using DP by construction of their n-dimensional substitution matrix. However, time and
memory requirements to find the global optimum scale exponentially with n and the prob-
lem hast been proven to be NP-complete [Wang & Jiang 1994]. Therefore, heuristics are
practically applied to efficiently compute MSAs. A common approach to construct MSAs
is progressive alignment [Feng & Doolittle 1987], whereby (n − 1) pairwise alignments are
computed and used as profiles for intermediate alignments according to a phylogenetic tree
connecting the sequences. The guide tree can efficiently be obtained using classical clustering
methods such as neighbor-joining [Saitou & Nei 1987]. Among the variety of implementations
of progressive MSA existing today, ClustalW and its derivatives probably represent the most
popular ones [Higgins & Sharp 1988, Thompson et al. 1994, Chenna et al. 2003]. Today, MSA
algorithms are still subject of active research.
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1.3.2 BLAST: Basic Local Alignment Search Tool
In contrast to optimal sequence alignments as discussed in the previous section, Blast
[Altschul et al. 1990], actually a synonym for a family of programs, employs further heuristics
to detect statistically significant similarities within biological sequence data. It compares a
query sequence with a library or database of sequences and identifies library sequences that
resemble the query sequence above a certain threshold. Thereby, it subtly minimizes the
search space emphasizing speed over sensitivity to enable large-scale sequence comparisons.
Illustrated in Fig. 1.4, a Blast search mainly consists of three heuristic layers sampling
the search space to sequentially refine pairwise alignments: (A) seeding, (B) extension, (C)
evaluation.
Figure 1.4. Workflow of the Blast program. The figure gives a simplified overview on
three key aspects the Blast method utilizes to sample the search space and to accelerate
the computation of heuristic local alignments.
Blast assumes that two alignable sequences have words in common. Words are simply sub-
sequences of a pre-defined length. In the seeding phase, when comparing two sequences, the
locations of all common words are determined. Only words are then used to seed alignments
effectively minimizing the search space by rejection of dissimilar regions. For nucleotide align-
ments as computed by blastn, only identical words are considered as seeds. The neighborhood
of each word is searched and according to its size, word clusters are identified. Utilized in the
extension phase, word hits tend to cluster along the diagonal of the search space, see Fig. 1.4.
The extension of clusters depends on the size of the neighborhood. It is controlled by a score
parameter indicating how much a certain overall score of a cluster is allowed to drop off since
its last maximum. If it drops off too much, the cluster is not extended anymore, otherwise
additional words can be added. This corrects for short regions of low sequence conservation
and prevents the extension procedure (and hence the total alignment) from premature ter-
mination. Generally, also known as the 2-hit-algorithm, two words are necessary to report an
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alignment. Obviously, word and neighborhood size directly influence speed and sensitivity of
the computation. Based upon consistent (non-overlapping) word clusters in close proximity,
gapped alignments can then immediately be computed from these ungapped alignments using
DP. While early Blast implementations could only handle gapless extension, current versions
allow gapped extension using affine gap-costs. After the extension of words in both directions
to create alignments, resulting alignments are evaluated to determine statistically significant
ones, better known as high scoring pairs (HSPs). From a simplified point of view, Blast re-
ports an E -value for each HSP based on Karlin-Altschul statistics for local alignments [Karlin
& Altschul 1990] defined as
E = kmn e−λS (1.13)
which states the number of alignments expected by chance (E) while searching a query se-
quence of length m in a database consisting of n letters as a function of the size of the search
space (mn), normalized raw alignment scores (λ, §) and a minor constant k. Among others,
the raw score Si,j for a pair of residues i and j is defined as
Sij = log2(qij/pipj) (1.14)
where qij denotes the frequency of pairing i and j given their individual probabilities pi and
pj. For a series of reasons, Blast statistics are way more complicated. However, their details
are beyond the scope of this thesis.
1.3.3 RNA secondary structure prediction
RNA secondary structure prediction is a traditional bioinformatic problem with its first at-
tempts almost 40 years ago [Tinoco et al. 1971]. This introduction is basically based upon
the presentation of [Hofacker & Stadler 2007].
In contrast to the double-stranded DNA, RNA is a single-stranded polymer consisting of four
different types of successively linked nucleotides, each composed of one of the four different
nucleobases (adenine, guanine, cytosine, and uracil) together with a five-carbon sugar and
additional phosphate groups. For reasons of simplicity, nucleotides are usually abbreviated
by the initial letter of their nucleobase (A, C, G, U). Their sequence is called the primary
structure. Due to its single-strandedness, an RNA molecule containing complementary re-
gions can fold back onto itself. Denoted as secondary structure, paired bases thereby result
in patterns of double helical stretches and unpaired bases form loop regions. For RNA base
pairing only canonical Watson-Crick C-G and A-U as well as the G-U wobble pairs are con-
sidered. Other non-canonical pairs are neglected in secondary structure prediction. Finally,
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the three-dimensional arrangement of secondary structure in space is termed tertiary struc-
ture. RNA exists and acts as 3D-fold in a living cell, its function is determined via its spatial
structure. However, tertiary interactions usually do not change the formation of secondary
structure. Therefore, both processes can be independently described. RNA folding can be
seen as a hierarchical process in which secondary structure is broadly considered as sufficient
approximation assessing the most relevant characteristics of an RNA molecule.
RNA secondary structure can formally be described as a list of base pairs (i, j) fulfilling the
following constraints:
1. A base can only participate in one base pair.
2. Paired bases must be separated by at least three (unpaired) bases.
3. Crossing of two base pairs (i, j) and (k, l) in the sense that i < k < j < l is not allowed.
The first condition excludes tertiary structure motifs. The second restricts the bendability
of the RNA backbone and defines a minimum loop size of three bases. Finally, the third
condition excludes pseudoknots.
Figure 1.5. Representations of RNA secondary structures. A) Circle plot. B) Con-
ventional secondary structure plot. C) Mountain plot. D) Dot plot. E) Dot/bracket
string notation. All plots represent the same structure, its the purine riboswitch (Rfam
RF00167). Adopted from [Hofacker & Stadler 2007].
Thus, each pseudoknot-free RNA secondary structure has a planar embedding, can be repre-
sented as an outer-planar graph, and hence can always be drawn on paper without intersection.
Particularly, an RNAs backbone can be arranged along a circle in which non-crossing edges
indicate base pairs (Fig. 1.5 A). However, this graph can be displayed using a more intuitively
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layout (Fig. 1.5 B). The mountain and the dot plot representation (Fig. 1.5 C+D) are well
suited for comparing large structures. In the mountain view, the x-coordinate indicates po-
sition k of a particular sequence and the y-coordinate represents the number m(k) of base
pairs enclosing nucleotide k. In turn, the dot plot depicts base pairs (i, j) as dot in row i
and j of a rectangular grid. It is frequently used to visualize thermodynamic ensembles of
structures. Thereby, base pair probabilities pij as computed by McCaskill’s partition function
algorithm [McCaskill 1990] are depicted as rectangular boxes with areas proportional to pij .
Finally, secondary structures can also be compactly represented as strings consisting of dots
and matching brackets (1.5 E). In this data structure any unpaired base is depicted as dot and
a pair between positions i and j (i < j) is indicated by an open bracket “(” at position i and
a closed bracket “)” at j. Since base pairs must not cross, this representation is unambiguous.
Since RNA secondary structures are planar graphs, they can uniquely be decomposed into
loops constituting the faces (components) of the planar drawing. Given a (closing) base pair
(i, j) a loop consists of all immediately interior bases k such that i < k < j and there exists
no other base pair (p, q) such that i < p < k < q < j. As depicted in Fig. 1.6, RNA secondary
structures consist of six major types of loops. The number of unpaired nucleotides of a loop
denotes its length, the number of base pairs delimiting a loop (including the closing pair) is
termed degree.
Figure 1.6. Major loop types of RNA secondary structures. “ibp” indicates interior
base pairs, “cbp” highlights closing base pairs.
In general, stacked base pairs of helical regions are considered to stabilize an RNA molecule.
Consequently, a first attempt to computationally predict RNA secondary structure was to
maximize the number of base pairs [Nussinov et al. 1978]. The algorithm is based upon the
observation that the optimal structure Ei,j on a subsequence x[i, j] can only be formed by
two distinct ways from a shorter subsequence x[i+1, j], see Fig. 1.7: either base i is unpaired
and hence followed by an arbitrary shorter structure or base i is paired with some partner
base k requiring the computation of two independent substructures: the structure enclosed
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by the base pair and the remaining structure behind the pair.
i jj i i+1 j i i+1 k−1 k k+1|=
Figure 1.7. Basic RNA secondary structure decomposition. This initial RNA sec-
ondary structure decomposition forms the basis to compute an optimal structure by max-
imizing the number of base pairs.
Based upon the outlined decomposition, the maximum base pair problem can be solved using
DP implementing the following recursion:
Eij = max
{
Ei+1,j, max
k, (i,k) pairs
{Ei+1,k−1 + Ek+1,j + βik}
}
(1.15)
From a more realistic point of view, the stability of an RNA secondary structure coincides with
thermodynamic stability and is quantified as the amount of free energy released or used by
forming base pairs. RNA molecules basically exist in a distribution of structures rather than a
single ground-state conformation. However, they most likely fold into structures exhibiting a
minimum of free energy (MFE). Since free energies are additive, a more sophisticated model,
the standard energy model for RNA secondary structure, can be proposed. Based on loop
decomposition, the total energy E of a structure S can be computed as the sum over the
energy contributions of each constituent loop:
E(S) =
∑
l∈S
E(l) (1.16)
Firstly proposed by [Zuker & Stiegler 1981], the problem of RNA secondary structure predic-
tion mainly coincides with the discovery of a base pair configuration having a minimum of free
energy. The recursions necessary to compute the minimum free energy structure of a subse-
quence x[i, j] are given in Fig. 1.8. In the forward recursion of the resulting DP algorithm, the
depicted matrices are completed given the initialization Fi,i = 0, Ci,j =∞, M, i, j =∞, and
M1i,j = ∞. Afterwards, F1,n stores the energy value of the thermodynamically most stable
structure. Reversely following the path that yielded the MFE value, the MFE structure can
then be obtained by backtracking from F1,n to the diagonal. The algorithm requires O(n
2)
memory to store the matrices and actually O(n4) CPU time, but is usually optimized to run
in O(n3) by restriction of interior loop sizes to some constant value (e.g. 30).
As briefly outlined above, an RNA molecule does not fold into a certain exact structure.
Depending on the temperature, it rather exists in a distribution of structures. Firstly in-
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Figure 1.8. Loop decomposition of RNA secondary structure. Based on the standard
energy model, decomposing an RNA into its basic loop components allows to recursively
compute its minimum free energy secondary structure. The problem is basically solved
using four matrices scoring the whole structure (F ), a single sub-structure (C), a multi-
loop (M) which may be composed of a certain sub-structure and a multi-loop or a multiloop
(M1) which may be composed of single sub-structure and zero or more unpaired bases.
Particularly, Fi,j allows to compute the free energy of the optimal sub-structure on the
sub-sequence x[i, j]. Ci,j is used to compute the free energy of the optimal sub-structure
on the sub-sequence x[i, j] given the constraint that i and j form a base pair. Mi,j yields
the free energy of the optimal sub-structure on the sub-sequence x[i, j] given the constraint
that x[i, j] is part of a multiloop and has at least one component. Finally, M1i,j is utilized
to compute the free energy of the optimal sub-structure on the sub-sequence x[i, j] given
the constraint that x[i, j] is part of a multiloop and has exactly one component which has
the closing pair (i, h) for some h satisfying i ≤ h < j. For this recursion, linear multiloop
energies of the form EML = a + b · degree + c · size are assumed where a indicates the
energy contribution of a closing base pair, b the energy contribution of an interior base
pair, and c the energy contribution of an unpaired base. Furthermore, the energy of a
hairpin closed by the base pair (i, j) is defined as H(i, j) = a+(j− i−1) ·c and the energy
of an interior loop determined by two constituent base pairs (i, j) and (k, l) is given by
I(i, j; k, l) = 2a + (k − i − 1)c + (j − l − 1)c. Drawings are adapted from [Hofacker &
Stadler 2007] and recursions are due to [Hofacker et al. 1994].
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troduced by [McCaskill 1990], the partition function variant of the RNA folding problem
gives information about melting behavior of structures, yields pair binding probabilities, and
allows to examine further statistical properties of the full ensemble of probable intermedi-
ate conformations or alternative structures in thermodynamic equilibrium. It is known from
thermodynamics that systems in equilibrium with a reservoir of heat at temperature T have
probabilities p of occupying states with energy E weighted by the corresponding Boltzmann
factor. Therefore, the ensemble of RNA structures can be described in terms of partition
function
Z =
∑
Ψ
exp(−E(Ψ)/RT ) (1.17)
where E(Ψ) is the free energy of structure Ψ, R is the molar gas constant and T the absolute
temperature in Kelvin. These three values constitute the Boltzmann factor exp(−E(Ψ)/RT .
A partition function algorithm assessing the ensemble of structures can directly be inferred
from the MFE algorithm by replacing each minimum operation with sums and additions with
multiplications [McCaskill 1990]:
Zi,j =Zi+1,j +
∑
i<k≤j
ZBikZk+1,j
ZBi,j =e
−βH(i,j) +
∑
i<k<l<j
ZBk,le
−βI(i,j;k,l) +
∑
i<u<j
ZMi+1,uZ
M1
u+1,j−1e
−βa
ZMi,j =
∑
i<u<j
e−β(u−i+1)cZMu+1,j +
∑
i<u<j
ZMi,uZ
B
u+1,je
−βb + ZMi,j−1e
−βc
ZM1i,j =Z
M1
i,j−1e
−βc + ZBi,je
−βb
Zi,i = 1, Z
B
i,i = Z
M
i,i = Z
M1
i,i = 0
(1.18)
Frequently used in this study, the Vienna RNA Package [Hofacker et al. 1994] offers imple-
mentations of both, the MFE and the partition function algorithms. It not only provides
solutions for folding single sequences, it also contains programs to compute and visualize con-
sensus structures of aligned sequences. Additionally, it comprises several sophisticated tools
solving further problems of RNA structure prediction, comparison, and interaction.
1.3.4 Machine learning using Support Vector Machines
Machine learning is a broad scientific discipline which basically is concerned with the theo-
retical and practical fundamentals of algorithms allowing computers to simulate and evolve
behaviors based on empirical data. Inspired by the idea of learning by experience, machine
learning algorithms are designed to automatically improve by the analysis of data. Classi-
cal machine learning applications are pattern recognition, classification, or prediction tasks.
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In computational biology or medicine various machine learning techniques, such as na¨ıve
Bayesian classifiers, decision trees, regression approaches, neural networks, hidden markov
models, or support vector machines have been successfully applied to various topics. Among
others, neural networks have been used to detect signal peptides in proteins [Bendtsen et al.
2004], to analyze complex microarray and mass spectrometry datasets in cancer studies [Lan-
cashire et al. 2009], and for several other diagnostic purposes [Cleophas & Cleophas 2010].
Hidden markov models have plenty applications in biological sequence analysis [Yoon 2009],
including the computation of multiple sequence alignments [Mount 2009] or transposon detec-
tion [Edlefsen & Liu 2010]. Sometimes, as recently demonstrated in an approach predicting
the human membrane proteome [Fagerberg et al. 2010], several machine learning techniques
are combined to collectively solve a certain problem.
Machine learning is often applied in complex situations where a precise method for computing
a desired output from a set of inputs is not explicitly known. Obviously, such problems can
not be solved by traditional programming. However, supervised learning is frequently applied
to infer solutions in such scenarios. It denotes the search for algorithms that reason from
externally supplied instances to produce general hypotheses which then make predictions
about future instances [Kotsiantis 2007]. In other words, objects in a given collection can be
classified using a set of characteristic attributes or features. The result of the classification
process is a set of rules that prescribe assignments of objects to classes solely based on values
of features [Tarca et al. 2007].
In the past years, beyond their traditional applications in text-categorization, pattern-, image-
or speech-recognition [Cristianini & Shawe-Taylor 2000], Support Vector Machines (SVMs)
became increasingly popular in life sciences and computational biology [Byvatov & Schneider
2003, Yang 2004, Noble 2006]. Exemplary medical SVM-based applications comprise drug
design [Burbidge et al. 2001] or in silico modeling of drug metabolisms [Fox & Kriegl 2006]
but they were also extensively applied in a variety of bioinformatic studies. In proteomics, for
example, for the prediction of subcellular localizations of proteins [Hua & Sun 2001], structural
and functional classes [Cai et al. 2002; 2003, Sun & Huang 2006], protein-protein interaction
sites [Koike & Takagi 2004], as well as secondary structures [Hu et al. 2004, Guo et al. 2004,
Chu et al. 2005, Nguyen & Rajapakse 2005]. However, they also form the algorithmic basis of
a variety of RNA-related research topics, such as the prediction of miRNA precursors [Hertel
& Stadler 2006], snoRNA genes [Hertel et al. 2008], cis-regulatory RNAs [Xu et al. 2009],
or RNA-binding sites [Kumar et al. 2008]. Recently, they even proved to be advantageous
in gene classification [Liu et al. 2006b, Ma et al. 2009] and general gene finding applications
[Washietl et al. 2005b, Washietl 2007, Hiller et al. 2009, Schweikert et al. 2009].
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SVMs unit a number of appealing attributes forming the basis of their recent success in
computational biology and beyond [Bennett & Campbell 2000]:
• SVM algorithms are systematic approaches yielding reproducible results.
• SVM algorithms are properly motivated by learning theory yielding elegant mathemat-
ical models.
• SVM algorithms optimize a convex cost function [Boyd & Vandenberghe 2004], thus
avoid false local minima, and are therefore basically designed to always generate optimal
solutions.
• SVMs represent a general methodology applying to a variety of problems.
• SVMs are easy and intuitive to use.
In the following, we briefly outline some basic theoretical principles of SVMs, since we exten-
sively use SVM techniques for binary classification tasks in this thesis. Introductory literature
concerning SVMs is ample and widespread. Here, we partially follow the introduction to SVMs
of Bennett & Campbell [2000] and Cristianini & Shawe-Taylor [2000]
Consider a set of ` training vectors xi ∈ R, i = 1, ..., `, having corresponding class labels
yi ∈ {−1,+1}. Binary classification is frequently performed by using a real-valued function
f : X ⊆ Rn (1.19)
Each training datapoint consists of an n-dimensional feature vector of the form x = (x1, ..., xn)
′
and belongs to either the positive or the negative class. The goal is to determine a classifi-
cation function f(x) that assigns x to the positive class C1 if f(x) ≥ 0, and otherwise to the
negative class C2. In the simplest case, if the two classes are linearly separable, there exists a
hyperplane of the form
f(x) = 〈w · x〉+ b
=
n∑
1=1
wixi + b
(1.20)
with w ∈ Rn and b ∈ R that correctly classifies all datapoints in the two sets. A hyperplane
is an affine subspace of dimension n − 1 dividing the space into two half spaces. Accord-
ingly, these halves correspond to the inputs of the two classes. The vector w determines the
orientation of the hyperplane and the scalar b determines the offset of the hyperplane from
the origin. Obviously, there can be infinitely many such linear discriminant hyperplanes, see
Fig. 1.9-A.
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Figure 1.9. Construction of an optimally separating hyperplane in a binary clas-
sification task. Hyperplanes, defined as linear decision functions, classify data points
by separation. The figure highlights aspects of the linearly separable case. The two sets,
indicated as red dots and black-framed squares, can be separated by (infinitely) many hyper-
planes, two of them are exemplarily depicted as solid and dashed line in (A). An optimally
separating hyperplane (green line) is either defined as bisection of the closest points (c, d)
in the convex hulls (black dotted line) of the two sets, see(B), or it can be obtained by
maximizing the margin between two supporting planes (dashed black lines), see (C). The
support vectors are highlighted by green squares.
However, there are several equivalent ways to obtain optimally separating hyperplanes. Here,
we briefly introduce two solutions to the problem, see Fig. 1.9-B,C: the convex hull and the
classic 2-norm SVM formulation.
The convex hull formulation is based upon the idea that a best hyperplane bisects the closest
points in the two convex hulls of the data sets. A convex hull consists of all points that can
be written as a convex combination of the points in the original set. A convex combination of
n points is simply a positive weighted combination of the form c = α1x1 + α2x2 + ...+ αnxn
in which the weights sum up to one. The closest points in two convex hulls can then be found
by solving the quadratic minimization problem:
minimize{α}
1
2
‖
∑
i:xi∈C1
αixi −
∑
i:xi∈C2
αixi‖
2
s.t.
∑
i:xi∈C1
αi = 1,
∑
i:xi∈C2
αi = 1, αi ≥ 0
(1.21)
The classic 2-norm SVM approach to find the optimally separating hyperplane is based upon
the idea to maximize the margin between two parallel supporting hyperplanes. A hyperplane
supports a class if all points of the class are on one side of the hyperplane. Depending on
the class label, one therefore rescales w and b such that the points closest to the optimal
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hyperplane satisfy 〈w · x〉 + b = 1 and all other points i : 1 ≤ i ≤ n satisfy yi(〈w · x〉 +
b) ≥ 1 such that the margin equals to 2/‖w‖2. Maximizing the distance or margin between
the supporting hyperplanes is equivalent to minimizing ‖w‖2/2 in the following constrained
quadratic optimization problem:
minimize{w,b}
1
2
‖w‖2
s.t. yi(〈w · x〉+ b)− 1 ≥ 0, ∀i = 1, ..., l
(1.22)
For most practical applications and the effectiveness of SVM algorithms, further advanced
algorithmic improvements, partially inspired by Lagrangian theory, are necessary. Introduced
by [Boser et al. 1992], these extensions for optimal margin classification include adjustments
to solve high-dimensional problems arising from linearly inseparable sets, classification with
errors (soft margin), or rules to ensure that the optimally separating hyperplane is indeed
completely determined by the points closest to the hyperplane, the so called Support Vectors.
The latter results in an important property of SVMs: Sparseness. Only relevant training
samples, the Support Vectors, are considered, all other points not contributing to the optimal
solution are rejected. Maybe most important for the concept of SVMs, Boser et al. [1992]
demonstrated how to map input data into a higher (maybe infinite) dimensional feature space
such that problems which are not linearly separable in input space become linearly separable
in feature space. The mapping Φ : X 7→ F : x 7→ φ(x) of data from the original input space
X into a higher dimensional feature space F yields the reformulated decision function
f(x) =
l∑
i=1
αiyi〈φ(x) · φ(xi)〉+ b (1.23)
Rather than fitting non-linear curves to the data, SVMs utilize kernel functions to map the
data into a different space where a linear decision function defines a hyperplane which then
can be used for classification. As a function of the original input data points, a kernel function
K, for all x,y ∈ X defined as
K(x,y) = 〈φ(x) · φ(y)〉, (1.24)
allows to perform the computation of the inner product of the feature space directly in the
input space. Various kernels are used to train SVM models, including linear, polynomial,
radial basis or sigmoid functions.
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1.3.5 RNAz
In this thesis, we extensively employ the RNAz [Washietl et al. 2005b] program to detect
structured (functional) non-protein coding RNAs in genomic sequence data of a variety of
different species. Tremendously outperforming previous attempts, RNAz was the first general
ncRNA gene finder that has been fast enough to scan whole genomes for the presence of
ncRNAs with high accuracy. It is a machine learning approach that combines SVM-based
regression and binary classification techniques. RNAz basically combines comparative sequence
analysis and structure prediction to identify short structured RNAs in multiple sequence
alignments. Based upon the degree of thermodynamic stability and structural conservation,
it returns probability estimates for an alignment to contain structured RNA elements.
Figure 1.10 illustrates the basic idea behind RNAz. Based upon the following four features
1. the average folding energy z-score (mean z-score)
2. the structure conservation index (SCI)
3. the sequence divergence of the alignment (MPI)
4. the number of aligned sequences (n)
a binary classification SVM (recover subsection 1.3.4) was trained to classify alignments as
RNA or other sequence. The SVM decision value is expressed as probability estimate p >
pc, a convenient measure to interpret the classification results. The higher the evidence
for an alignment to contain a structured ncRNA, the higher the reported class probability.
Obviously, p = 0.5 indicates classification results of low significance, whereas p = 0.9 is
frequently used as cutoff for high significant results.
RNAz assesses thermodynamic stability of an input alignment by means of a z-score evaluating
the thermodynamic stability of a single RNA secondary structure relative to an ensemble of
structures predicted from shuffled sequences. For each sequence of the alignment, it computes
the structure having minimum free energy E, as predicted by RNAfold, recover subsection
1.3.3, and transforms the MFE value to a standard normal distribution in a common manner
z-score =
E − µ
σ
, (1.25)
where µ and σ denote the mean and the standard deviation from a number of shuffled se-
quences. Thus, the z-score measures to which extent a particular structure is thermodynam-
ically more stable than expected by chance. However, exactly computing µ and σ requires a
sufficiently large number of appropriately shuffled alignments. Washietl et al. [2005b] replaced
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Figure 1.10. Flow chart of RNAz. Given an alignment (A), RNAz compiles four descriptive
features (z-score, SCI, MPI, number of sequences n) and, reported as probability estimate,
classifies the alignment as either containing a structural ncRNA or not (B). The contour
plot (C) is taken from [Washietl et al. 2005b] with kind permission of the corresponding
author. It illustrates the classification result from an attempt to separate native (green)
tRNA and 5S rRNA alignments from shuffled random controls (red). The background
color indicates the RNA class probability for different regions of the z-SCI plane.
this time-consuming randomization step with a performant SVM regression that accurately
estimates µ and σ. As a measure of the overall stability of the aligned sequences, the mean
z-score is finally calculated from the individual z-score estimates and passed to the SVM.
The second integral component of RNAz is the structure conservation index (SCI), a measure
to quantify if secondary structures undergo stabilizing selection. Defined as
SCI =
Econs
Eavg
(1.26)
it compares the MFE Econs of the consensus secondary structure, as predicted by RNAalifold,
with the averaged groundstate energies of the individual secondary structures. If the sequences
of an alignment fold into a conserved common structure, Eavg will be close to Econs. Other-
wise, indicating a less stable structure, Eavg will be much higher than Econs. If RNAalifold
fails to detect a stable consensus structure, the SCI will be close to zero. In turn, an SCI
close to 1 will only be assigned to a set of almost perfectly conserved structures. Due to a
positive covariance score contribution, the SCI may exceed 1 in case of perfectly conserved
structures which contain additional compensatory and/or consistent mutations.
Lastly, the mean pairwise identity (MPI) as a measure of sequence divergence and the number
of aligned sequences are passed to the SVM. These two features relate structural and compo-
sitional aspects of the alignment and control for a couple of biases, e.g. a misleadingly high
SCI in case of almost identical sequences which, however, is rather due to sequence homology
and not a result of stabilizing selection.
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1.3.6 Structure-based clustering of RNA candidates
Most intuitively, similar to proteins, ncRNAs can be hierarchically classified according to
functional commonalities. There are several prominent well-studied ncRNA families that
often share conserved sequence as well as structural motifs. The Rfam database [Griffiths-
Jones et al. 2005] compiles several hundreds including the individual snRNAs, tRNAs, and
numerous miRNAs or snoRNAs. However, it is broadly recognized that an RNAs function is
determined by its secondary structure. For this thesis, we generated a comprehensive set of
novel ncRNA candidates that completely lack any functional annotation, see chapter 2. Gen-
erally, clustering not only allows to annotate a certain candidate structure by assignment to an
established family based upon intrinsic secondary structure motifs, it even suggests to reveal
novel functional classes for which no experimentally verified representatives have previously
been seen. It is intended to detect subsets sharing highly significant structural characteristics
and, obviously, being part of an established family decreases the likelihood for a candidate to
be a false positive prediction. In this subsection, we partially follow the manuscript of Will
et al. [2007] to introduce the basics of their structure-based clustering approach which we
repeatedly applied to increase the credibility of predicted ncRNA candidates. The method is
based upon the LocARNA (local alignment of RNA) tool [Will et al. 2007, Otto et al. 2008], an
efficient local pairwise sequence-structure alignment algorithm for pseudoknot-free structures,
and upon mLocARNA, its multiple variant. Both are derivatives of the Sankoff algorithm which
simultaneously solves the RNA folding and alignment problem [Sankoff 1985]. Interestingly,
the (m)LocARNA approach is sufficiently fast to perform large-scale analyses.
The input of the structure-based clustering approach is basically a set of RNA sequences
R1, ..., RN and the output is a hierarchical clustering of these RNAs. In principle, the pipeline
comprises the following four steps:
1. For each RNA, a matrix of pair probabilities, recover subsection 1.3.3, considering the
complete energy model is computed using RNAfold.
2. Next, all pairwise local sequence-structure alignments are computed using LocARNA and
resulting LocARNA alignment scores (i, j) are tabulated for each pair of RNA (Ri, Rj).
3. The actual clustering step is performed usingWPGMA, the weighted pair group method
using arithmetic means, a frequently applied hierarchical clustering approach also known
as average linkage clustering. As input WPGMA requires a pairwise distance matrix.
Will et al. [2007] decided to use distances d(i, j) = max(0, q − score(i, j)) where q is
the x-quantile (e.g. x=0.99) of all pairwise LocARNA scores to correct for exceptionally
large scores. Internal nodes of the resulting tree represent clusters of RNAs. As a
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measure of cluster quality, their heights correspond to mean pairwise LocARNA scores of
the particular constituents.
4. Finally, all multiple sequence-structure alignments, i.e. one for each cluster, are pro-
gressively computed using the cluster-tree as guide tree and several scores for further
quality assessment are reported, including the mean pairwise identity (MPI), the struc-
ture conservation index (SCI), the consensus minimum free energy (MFE), the consensus
structure itself, and the consensus pair probabilities.
1.3.7 Data sources
For this thesis, we retrieved various data from several places. In the following, we compactly
present selected data sources that have been used to prepare the thesis preventing us to
repeatedly cite them in the particular chapters. In any case, particular details, such as exact
database versions, are mentioned in the original publications.
Genomes considered in this thesis were retrieved from several organizations, including the
UCSC Genome Browser [Kent et al. 2002]/UCSC Table Browser [Karolchik et al. 2004], the
Ensembl database [Flicek et al. 2010], or the Joint Genome Institute (JGI). Annotation was
extracted from a variety of different databases, see Tab. 1.2.
Database Reference URL
UCSC Genome Browser [Kent et al. 2002] http://genome.ucsc.edu/
UCSC Table Browser [Karolchik et al. 2004] http://genome.ucsc.edu/
Rfam [Griffiths-Jones et al. 2005] http://rfam.sanger.ac.uk/
RefSeq [Pruitt et al. 2005] http://www.ncbi.nlm.nih.gov/refseq/
Ensembl [Flicek et al. 2010] http://www.ensembl.org/
NONCODE [Liu et al. 2005] http://www.noncode.org/
miRBase [Griffiths-Jones 2006] http://www.mirbase.org/
miRNAmap [Hsu et al. 2006] http://mirnamap.mbc.nctu.edu.tw/
ncRNAdb [Szymanski et al. 2007] http://biobases.ibch.poznan.pl/ncRNA/
WormBook [Stricklin et al. 2005] http://genome.ucsc.edu/
WormBase [Harris et al. 2010] http://genome.ucsc.edu/
FlyBase [Tweedie et al. 2009] http://flybase.org/
Table 1.2. Overview on databases hosting annotation data. The table lists selected
sources providing genomic annotation which we used in this thesis.
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2.1 RN(Az)omics
2.1.1 Motivation & Background
In the following, we briefly motivate our decision to rely on RNAz to predict short ncRNAs. We
partially follow the original RNAz publication [Washietl et al. 2005b] and present introductory
background information as well as selected results from the first RNAz screen which focused
on vertebrate, and in particular mammalian, genomes [Washietl et al. 2005a].
Highly conserved ncRNAs, in particular ribosomal RNAs, can easily be found using heuristic
alignment methods, such as Blast. Similarly, orthologous ncRNAs can be identified in ge-
nomic sequences of closely related species, as recently shown for miRNAs [Tanzer & Stadler
2004, Weber 2005]. It is common knowledge that the plethora of RNAs rapidly evolves and
(heuristic) sequence alignment usually fails to generally detect ncRNA genes. Therefore,
current approaches to de novo prediction of structured RNAs work comparatively, requiring
two or more related sequences as input, typically in the form of a multiple sequence align-
ment. Since RNA sequence often evolves way faster than structure, the sensitivity of RNA
search tools can be greatly improved by using both sequence and secondary structure infor-
mation. However, since most RNA sequences will form extensive structures, the problem
of distinguishing incidental from functional structures is non-trivial. It was first suggested
by Le et al. [1988] that functional RNA elements should have a secondary structure that is
energetically more stable than expected by chance. RNAs that are under long-time selection
for secondary structure can be expected to have sequences that are more resilient against
mutations [Wagner & Stadler 1999, van Nimwegen et al. 1999], which in turn correlates with
increased thermodynamic stability of the fold. However, Rivas and Eddy had to conclude in
an in-depth study on the subject that thermodynamic stability alone is generally not statis-
tically significant enough for reliable ncRNA detection [Rivas & Eddy 2000] but it was also
reported that functional RNAs are more stable than the structures formed by randomized
sequences [Bonnet et al. 2004, Washietl & Hofacker 2004, Clote et al. 2005].
In early 2005, several years after deciphering the human genome, computational ncRNA
prediction and annotation was still in its beginnings. Back then, it was already frequently
hypothesized that the human genome contains twice as much non-coding functional regions
as it contains protein-coding genes but, mainly due to the lack of a performant and likewise
reliable tool to scan multiple alignments for functional RNAs, contemporary bioinformatic
attempts, like [Margulies et al. 2003] or [Bejerano et al. 2004a], could only sporadically reveal
novel ncRNA genes. Most computational approaches, such as tRNAscan-SE [Lowe & Eddy
1997], were specifically designed to identify particular RNA classes. A general in silico ncRNA
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gene finder for accurate and efficient de novo detection of functional ncRNAs did not exist.
At that time, QRNA [Rivas & Eddy 2001] was widely used for ncRNA detection. It applies
an SCFG (stochastic context free grammar) to asses the probability that a pair of aligned
sequences evolves under a constraint for preserving a secondary structure and successfully
identified ncRNAs in bacteria [Rivas et al. 2001] and yeast [McCutcheon & Eddy 2003]. How-
ever, QRNA suffered from several limitations: It was not suited to screen large genomes because
of its immense runtime (Washietl et al. [2005b] reported a ∼20-fold runtime-difference be-
tween QRNA and RNAz for a test set of 1000 alignments, each 300 nt long), it was limited to
pairwise alignments, and its reliability was highly questionable, especially when analysing evo-
lutionary distant sequences. Similar restrictions applied to ddbRNA [di Bernardo et al. 2003],
an alternative approach that up to now has never been used in a real-life application since
its initial publication. In contrast, MSARI [Coventry et al. 2004] performed highly accurate
at large multiple sequence alignments of 10-15 diverse sequences but for the vast majority of
metazoans such data sets were not available at genome-wide scales.
The sparse number of prototypical ncRNA gene finders together with their numerous fun-
damental limitations inherently demonstrates that general genome-wide ncRNA gene finding
is a challenging task. However, the situation thoroughly changed with the release of RNAz.
The program united two important quantities measuring various aspects of stabilizing selec-
tion acting to preserve RNA structure: thermodynamic stability and structure conservation
(recall section 1.3.5 for an overview on technical details of the RNAz-approach). Suddenly,
fast and fairly reliable prediction of short structured ncRNAs even on a genome-wide scale
was within reach. As depicted in Tab. 2.1.1 and Fig. 2.1, Washietl et al. [2005b] reported
impressive performance estimates in terms of convincing sensitivity and specificity values.
They plausibly demonstrated that RNAz is capable to distinguish between real ncRNAs and
other sequences in many cases. Inspired by these promising benchmarks, they predicted more
than 30,000 structured RNA elements in the human genome, of which almost 1,000 were con-
served across all vertebrates [Washietl et al. 2005a]. The vast majority was not described in
previous computational studies. Contemporary tiling array studies, suggested expression of
∼40% of obtained ncRNA candidates. However, these results contrast the moderate number
of still undiscovered ncRNAs predicted in the much smaller yeast genome [McCutcheon &
Eddy 2003] or in bacteria [Rivas et al. 2001]. Thus, from an evolutionary perspective, there
is a fundamental scientific need to investigate the short ncRNA repertoire of species covering
the hitherto uncharted phylogenetic range in between.
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Cutoff
0.5 0.9
ncRNA type N Sens. Spec. Sens. Spec.
5S ribosomal RNA 297 81.48 (242) 96.63 (10) 68.69 (204) 99.33 (2)
tRNA 329 94.83 (312) 93.62 (21) 90.27 (297) 97.87 (7)
SRP RNA 464 100.00 (464) 96.55 (16) 96.55 (448) 98.92 (5)
RNAse P 291 98.97 (288) 96.22 (11) 84.19 (245) 99.31 (2)
U2 spliceosomal RNA 351 98.58 (346) 97.72 (8) 95.44 (335) 99.15 (3)
U5 spliceosomal RNA 285 91.58 (261) 98.25 (5) 81.75 (233) 100.00 (0)
U3 snoRNA 277 83.75 (232) 98.56 (4) 62.82 (174) 99.28 (2)
U70 snoRNA 363 61.16 (222) 96.69 (12) 35.54 (129) 98.90 (4)
Hammerhead III ribozyme 271 100.00 (271) 95.20 (13) 98.15 (266) 98.89 (3)
Group II catalytic intron 407 78.62 (320) 96.31 (15) 76.90 (313) 98.53 (6)
tmRNA 386 24.87 (96) 96.37 (14) 18.65 (72) 98.19 (7)
micro RNA mir-10 380 100.00 (380) 95.26 (18) 97.63 (371) 99.21 (3)
Total 4,101 84.17 (3,452) 96.42 (147) 75.27 (3,087) 98.93 (44)
Table 2.1. Estimated detection performance of RNAz for representative ncRNA
classes. The original test set contained Rfam-alignments with 2–4 sequences and mean
pairwise identities between 60% and 100%. N is the number of alignments per class.
For each native alignment, one randomized alignment was produced by randomly shuffling
the columns of the original alignment. A randomized alignment classified as ncRNA was
counted as false discovery. Sensitivity and specificity are shown in percent for two cutoffs
of the RNA class-probability predicted by the SVM. Numbers in brackets denote absolute
numbers of true positives and false negatives. For the conservative class-probability cutoff
p ≥ 0.99, total sensitivity values of 50.18 (2,058) and specificity values of 99.80 (8) were
reported. The table is taken from Washietl et al. [2005b] with kind permission of the
corresponding author.
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Figure 2.1. z-score and SCI separate native from random control alignments. The
figure illustrates the separation of native Rfam alignments (green) from random controls
(red) for various classes of ncRNAs according to observed z-scores and SCI-values, the
main features of the RNAz program. Details of the test set are given in the caption of
Tab. 2.1.1. The figure is taken from Washietl et al. [2005b] with kind permission of the
corresponding author.
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2.1.2 Methods
In the following, we give an overview on central aspects of the applied methods to identify
short structured ncRNAs. From a top to bottom perspective, we outline RNA annotation in
general, how to design and conduct a particular RNAz screen, and then discuss the basics of
generating reasonable input alignments, necessary to perform a reliable RNAz screen. Here,
we deliberately restrict to regularly recurring topics which are important for several screens.
If necessary, we also introduce specific methods directly at the respective section. In any case,
however, the complete methods are always available in full detail in our original publications.
RNA annotation. Despite the ever growing evidence of fundamental functional impor-
tance of ncRNAs, today, a detailed annotation of the non-protein-coding transcriptome is
still missing in many initial releases of newly sequenced genomes. Intended to encompass this
unsatisfactory situation, we published a review about state-of-the-art approaches to ncRNA
prediction and annotation [Bompfu¨newerer Consortium et al. 2007]. Figure 2.2 proposes a
rough guide through the pile of bioinformatic approaches for RNA annotation. It gathers a
variety of tools, most with specialized functions, covering various aspects of the field: RNA
classification, RNA-RNA interaction, or genomic annotation. Several of the recommended
methods are also applied in this thesis. However, RNA prediction, listed on top of the de-
picted pipeline, probably constitutes the most eminent step. Without accurately predicted
RNA candidates, all subsequent methods suffer from a lack of input. In consideration of the
convincing performance and accuracy estimates outperforming existing methods and the ap-
pealing results from the human screen, the RNAz-approach offers an outstanding opportunity
to ab initio explore the ncRNA repertoire of species of interest in an unprecedented fashion.
RNAz screens. In this thesis, we describe a series of pilot-studies investigating the short
ncRNA repertoire of several model species by means of state-of-the-art bioinformatic tech-
niques. Figure 2.3 briefly summarizes our approach. In particular, it illustrates the methodol-
ogy underlying the RNAz-screens of urochordates, nematodes, and heterokonts where we first
had to solve the problem of generating reasonable RNAz input alignments, since pre-computed
genome-wide alignments were not available. For proteobacteria, teleosts, and placozoans we
generated alignments with automated methods. Precomputed tailor-made alignments have
only been used in the drosophilid screen (and the nematode revival screen, see Tab. 2.8).
Table 2.1.2 outlines our RNAz screens discussed in this chapter.
The RNAz 1.0 implementation is restricted to input alignments containing at most six se-
quences and a maximum length of 400 nt due to the data sets used to train the underlying
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Figure 2.2. Flow chart for the annotation of short structured ncRNAs. The figure
is an updated version from the published one in Bompfu¨newerer Consortium et al. [2007].
RNA families in the sense of the Rfam database are predominantly defined by sequence
homology, while RNA classes are defined via functional and/or structural similarities that
may or may not be the consequence of common ancestry. Computational RNA prediction
is the key to a pile of subsequent analyses which coherently contribute to accurate RNA
annotation and, in the long run, steadily improve our understandings of vitally important
RNA-mediated cellular processes.
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Figure 2.3. Simplified flow chart outlining our approach towards short structured
ncRNA prediction. (1) We compile all non-repetitive and non-coding DNA regions
for a screen’s reference organism. (2) For each such genomic locus, homologous regions
are identified in evolutionary related species. (3) Homologous regions passing consistency
checks are combined to global alignments. We prevent local pairwise alignments to form
inconsistent global alignments in case of duplication, deletion or rearrangement events.
(4) All alignments, global and non-combined local ones, are scanned by RNAz in a win-
dowing technique to detect conserved secondary structure motifs. The figure is taken from
[Reiche 2007] and adopted with kind permission of the author.
Section Phylum Reference species No. of. species Alignment method
2.2 (Uro)Chordata Ciona intestinalis 2, 3 ClustalW
2.3 Nematoda Caenorhabditis elegans 2-5 ClustalW, Pecan
2.4 Arthropoda Drosophila melanogaster 12 Pecan
2.5 Chordata Takifugu rubripes 5 NcDNAlign
2.6 Placozoa Trichoplax adhaerens 2, 6 TBA, NcDNAlign
2.7 Heterokontophyta Phytophthora sojae 3 ClustalW
2.8 Proteobacteria Escherichia coli 6 TBA, NcDNAlign,
Table 2.2. Outline of RNAz screens. In a series of pilot studies, we investigate short
structured RNAs of various species throughout this thesis.
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SVM model [Washietl et al. 2005b]. In addition, certain restrictions apply for the fraction of
gaps and on the overall base composition. Therefore, alignments were screened using a sliding
window approach (see next paragraph). Overlapping alignment slices with a positive ncRNA
classification probability (p > 0.5) were combined using rnazCluster.pl (part of the RNAz
package) to a single annotation element which we refer to as “RNAz locus” or “RNAz hit”. From
these data, we extract a subset of high confidence RNAz hits that contain at least one slice
with a prediction confidence above a certain cutoff, typically p > 0.9. We always considered
both reading directions of an alignment, since RNAz evaluates thermodynamic stability which
is inherently direction dependent.
Pre-processing of input alignments. Alignments longer than 120 nt were cut into 120 nt
slices in 40 nt steps, so that subsequent slices overlap in 80 nt. This default length is motivated
by the fact that many structured RNAs are less than 100 nt long. Such short signals would
“drown” in the noise of longer alignments that are then mostly unstructured. On the other
hand, too short alignments do not yield reliable signals for secondary structure conservation.
In a series of filtering steps, implemented in the tool rnazWindow.pl (part of the RNAz pack-
age), sequences were removed from alignment slices if they are (a) shorter than 50 nt, or (b)
contain more than 25% gap characters, or (c) have a base composition outside the definition
range of RNAz (e.g. GC content > 0.75 or < 0.25). Alignments without the reference sequence
were completely discarded. For alignment slices with more than six sequences, we selected a
representative subset consisting of the reference and five additional species such that these se-
quences were as evenly distributed in the dataset as possible and approach an average pairwise
sequence identity of 80%, the optimal working range of the RNAz program. In practice, only a
single representative from nearly identical sequences is chosen and highly divergent sequences
are excluded provided there is sufficient sequence variation in the remaining alignment.
Specificity & FDR estimates. In order to estimate the specificity of RNAz, we repeated
entire screens with random controls, i.e. shuffled input alignments generated by the script
rnazRandomizeAln.pl (part of the RNAz package). It wraps a conservative shuffling procedure
that maintains local characteristics of an alignment, e.g. columns with the same gap and
conservation pattern.
The specificity in terms of individual RNAz scanning windows is defined as
specificity =
TN
TN+ FP
(2.1)
where TN (true negatives) are the number of shuffled windows which were correctly rejected
by the SVM (p ≤ pc) and FP (false positives) are the number of shuffled windows falsely
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classified as structured RNA (p > pc).
However, we developed several strategies to estimate false discovery rates (FDRs), see e.g.
[Missal et al. 2006] or [Reiche 2007] for full details. Due to the sliding window approach,
FDRs can either be based on overlapping windows, or on non-overlapping loci (combined
overlapping windows). Next, it is possible to compare the number of positively classified
windows/loci obtained in original and shuffled screen, but also their lenghts. We count a
locus as false discovery as soon as one of its alignments is misclassified by RNAz.
As an example, a raw FDR relating the length l of the i-th and j-th unique genomic loci
classified as structured ncRNA in the shuffled and original screen is defined as
FDRraw =
∑
{i∈shuffled screen} li∑
{j∈original screen} lj
. (2.2)
These raw FDRs are, however, dramatic overestimates, since we shuffled each alignment
independently. Thus, if there are n > 1 alignments for a given locus (which is usually the case
for all ncRNA genes that appear in multiple copies in the genome), there are n independently
shuffled alignments and weights 1/n can be used to correct the estimate.
Alternatively, we evaluate false discoveries in terms of individual RNAz windows (and analo-
gously for loci) as
FDRwindows =
FP
P
(2.3)
by relating the number of shuffled scanning windows having p > pc (FP) with the number of
original scanning windows having p > pc (P). This mostly yields much smaller FDRs, since
overlapping windows typically agree on their classification in the true dataset, but RNAz hits
only sparsely cover a misclassified genomic locus in the shuffled dataset.
Sensitivity. In order to estimate the sensitivity of a screen we compared our data to existing
ncRNA annotation. We define sensitivity as
sg =
N
Ng
. (2.4)
Here, N is the number of unique RNAz-predicted genomic loci which overlap to at least 70%
with existing ncRNA annotation and Ng is the entire number of ncRNAs of this family in
the genome. The sensitivity largely depends on the number of ncRNAs which have conserved
secondary structures. Only aligned RNAs can be recovered by RNAz. To state how many
known ncRNAs of the reference species can be detected in principle, we also report the
sensitivity of our alignment procedure defined as
sa =
N
Na
(2.5)
where Na is the number of known ncRNAs within our RNAz input alignments.
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Figure 2.4. Alignment consistency checks. Left: local pairwise alignments will lead to
an inconsistent global alignment in case of duplication, deletion or rearrangement events.
They are combined to a global alignment only if they are consistent. Right: simple example
of consistency checks validating three global alignments A,B,C. The (trivial) clique in GF
indicates that A and C are consistent, can be combined, and realigned. B still participates
as local alignment. The figure is adopted from Missal et al. [2006] and Reiche [2007].
Genome-wide alignments of ncDNA. Structured RNAs are less conserved in regions
without base pair interactions which might prevent Blast from extending an alignment. Since
global alignments should contain a complete ncRNA gene, adjacent Blast hits were combined.
But due to rearrangement, deletion, and duplication events, not all local alignments lead to a
consistent global alignment. Inspired by the tracker algorithm for phylogenetic footprinting
[Prohaska et al. 2004], we employed the following algorithm to identify sets of consistent
alignments. It is also part of the NcDNAlign program, see section 2.8.
A global alignment is inconsistent if at least one region of sequence A is conserved with at
least two regions of sequence B (duplication or deletion) or if at least two distinct regions
of sequence A are conserved in different order in sequence B (rearrangement), see Fig. 2.4.
Consider a graph GS : vertices represent local alignments and edges are introduced if the
alignments have a distance less than a threshold value ` (e.g. ` = 30 nt). The connected
components of GS thus comprise sets of alignments with short pairwise distance; within these,
all combinations of consistent, global alignments have to be determined. To this end, one first
checks whether each pair x and y of local alignments is consistent, in the sense that they can
be derived from the same global alignment. Two further auxiliary graphs GC and GI store
this consistency information. If x and y are consistent an edge in GC is introduced, otherwise
they are inconsistent and we connect x and y in GI . Finally, the graph GF is constructed by
inserting edges between the two nodes x and y if at least one path between x and y exists in
GC which does not contain pairs of nodes that are inconsistent, i.e., connected by an edge in
GI . Complete subgraphs of GF are local alignments which can be combined to a consistent
global alignment. Maximal cliques of GF , which we computed using cliquer [O¨sterg˚ard
2002], reflect maximal local alignments and are of interest for our purposes.
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2.2 Non-coding RNAs in Ciona intestinalis
Introduction. Two rounds of genome duplications shaped the vertebrate genome [Holland
et al. 1994] and probably contributed to the expansion of their ncRNA inventory. Urochor-
dates, the sister group of vertebrates, do not share these duplications; hence their ncRNA
inventory is of particular interest for comparative purposes. It is not straightforward, how-
ever, to simply include urochordate sequences in the vertebrate ncRNA screen: The large
evolutionary distance makes it hard or impossible to obtain the reliable sequence alignments
that form the basis for all comparative genomics approaches towards RNA gene finding. For-
tunately, however, the genomes of two ascidians, Ciona intestinalis [Dehal et al. 2002] and
Ciona savignyi have been sequenced, and a third project for the larvacean Oikopleura dioica
is on the way, providing us with sufficient data and annotation to screen these urochordate
genomes for ncRNAs independently of the vertebrate data. See [Satoh et al. 2006] for a
review about urochordate genomes. In the following, we present selected results from the
urochordate RNAz-screen. Since it is the first of several screens which we performed beyond
the initial human screen, we deliberately keep this short and refer to [Reiche 2007] for an
in-depth analyses. However, it must be mentioned due to its pioneering character.
Methods. Starting with ∼80Mb of non-repetitive non-protein-coding DNA, we obtained
pairwise alignments for ∼12.2Mb (10.4% of the ∼116.7Mb genome of C. intestinalis and
∼0.4Mb (0.34%) of conserved non-coding sequence between all three urochordates. These
alignments were screened with RNAz to detect structurally conserved regions.
Results. Table 2.3 and 2.4 give a compact overview on the RNAz-screen of urochordates. In
total, we obtained up to 3,332 RNA signals. Repeating the entire screen with shuffled input
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Figure 2.5. Distribution of RNAz classification probabilities in ascidians. The figure
is based on 3,332 ncRNA predictions (2.55% of the alignable ncDNA). Black bars refer
to 364 ncRNAs with identified homologous RNAs in other species.
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CiCs CiCsOd
NcRNAs p > 0.5 p > 0.9 p > 0.5 p > 0.9
Intronic 830 546 70 62
UTR 65 35 2 1
Isolated 1,697 1,091 161 148
Total 3,332 2,109 329 296
Length(nt) 405,758 268,258 42,293 38,449
Specificity 97.9% 99.2% 97.6% 99.1%
FDR 17.1% 11.4% 6.7% 3.5%
Table 2.3. Statistics of RNAz signals in urochordates. We distinguish between results
from pairwise (CiCs) and 3-way (CiCsOd) alignments and present the corresponding num-
ber of observed RNAz hits, specificity, and FDR estimates. Ci Ciona intestinalis, Cs Ciona
savignyi, Od Oikopleura dioica.
alignments demonstrates that RNAz has a specificity of more than 0.97 (p > 0.5) and 0.99
(p > 0.9). The overall FDR, defined as the fraction of individual RNAz scanning windows
classified as ncRNA at probability level p in the shuffled alignments and original alignments,
is below 18%.
We identified eligible candidates for 5S rRNA, RNAse P, RNAse MRP, several snoRNAs and a
few miRNAs. Overall, we unambiguously annotated 364 non-redundant ncRNA candidates,
see Fig. 2.5. Using miRNA families from the Rfam database and screening both the true
and shuffled data, we found that a cutoff of the energy z-score at z < −3 and a consensus
structure that forms a single hairpin are sufficient to identify miRNAs with more than 90%
sensitivity and 95.0% specificity. We find 41 candidates, including the prominent miRNA
let-7, in our pairwise alignments. The sequence of O. dioica, however, is too distant, so that
no identifiable miRNA is contained in the 3-way alignments. A putative snRNA candidate
is presented in Fig. 2.6. The overwhelming majority of the predicted structurally conserved
RNAs is located either in introns (about 1/4, despite the compact genome) or relatively far
away (> 1 kb) from any known protein-coding gene. We predict that a large fraction of these
are indeed ncRNAs. The small number of signals in UTRs of known genes are probably
cis-acting regulatory motifs of the corresponding mRNAs. In contrast to the human RNAz
screen only a few thousand putative structured RNAs could be identified in urochordates.
However, this is consistent with the hypothesis that ncRNAs form the basis of a complex
cellular regulation system that has been vastly expanded in vertebrates [Mattick 2004, Bartel
& Chen 2004].
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RNAz
Known in In CiCs
genome alignment p > 0.5 p > 0.9
Ng Na sg N sg sa N sg sa
tRNA functional 550 337 0.61 301 0.55 [0.89] 279 0.51 [0.83]
pseudogene 624 6 0.01 2 0.00 [0.33] 2 0.00 [0.33]
snoRNA 18 7 0.34 4 0.22 [0.57] 3 0.17 [0.43]
snRNA spliceosomal 40 20 0.50 18 0.45 [0.90] 17 0.42 [0.85]
rRNA 5S 34 34 1.00 34 1.00 [1.00] 32 0.74 [0.74]
SRP 8 6 0.75 6 0.75 [1.00] 6 0.75 [1.00]
miRNA 7 6 0.86 4 0.57 [0.67] 4 0.57 [0.67]
Table 2.4. Sensitivity of RNAz-detected ncRNAs in urochordates. We compare the
numbers Ng of genes known in the genome with those contained in our input alignments
(Na), and those classified as structured RNAs by RNAz (N) at two different classification
probability levels p. In addition, sensitivities are listed as fractions sg of known genomic
loci, and as fractions sa of known sequences contained in the input alignments (given in
square brackets).
Figure 2.6. Secondary structure (top) and genomic location (below) of a putative
snRNA-like RNA in Ciona intestinalis. The RNAz predictions 555803 and 555804
are located within two introns of an Ensembl gene which match a single locus in the
Ciona savignyi genome. It is the reverse complement of these two sequences, however,
which contain the putative SMN binding site. Scoring manually curated alignments of
these regions with RNAz yields p+ = 0.71 and p− = 0.96. The strand predictor RNAstrand
[Reiche & Stadler 2007] returns a decision value of p = −0.99, i.e., an unambiguous vote
for the negative strand.
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2.3 Structured non-coding RNAs in nematode genomes
Introduction. The C. elegans transcriptome has been estimated to contain between 1,300
[Stricklin et al. 2005] and 2,700 [Deng et al. 2006] ncRNA genes producing functional tran-
scripts. While the first study mainly focused on already annotated ncRNAs, the second also
revealed some novel ncRNAs, i.e. stem-bulge and snRNA-like RNAs. However, we hypoth-
esize that many nematode ncRNA genes remain to be discovered, since both studies missed
to generally evaluate secondary structure characteristics. Here, we extend the phylogenetic
range of systematic RNAz-based ncRNA surveys to nematode genomes.
Methods. For each ncDNA interval (∼61Mb) of C. elegans we determined potentially ho-
mologous regions in C. briggsae by pairwise Blast searches (E < 10−3). Consistent regions
separated by short distances (≤ 30nt), see section 2.1.2 for details on “consistency”, were com-
bined and realigned by ClustalW(∼13.6Mb). Pairwise ClustalW alignments were screened
with RNAz for structurally conserved regions.
Results
Novel non-coding RNAs. Based on pairwise alignments between Caenorhabditis elegans
and Caenorhabditis briggsae, we detected 3,672 structured RNA signals (p > 0.5) of which
678 correspond to 665 known or clear homologs of known C. elegans ncRNAs (see Tab. 2.5,
Tab. 2.6, and Tab. 2.7). A quarter of RNAz hits are located in introns, and a comparable
number is intergenic. Interestingly, ncRNA candidates have approximately equal densities in
intron and intergenic regions, while they are underrepresented by a factor of 10 in UTRs.
Specificity and sensitivity. Based on the number of individually scored alignment win-
dows, we observed an optimistic FDR of less than 11% (p > 0.5) in a comparison between
real and randomly shuffled data. Specificity amounts to 0.96 (p > 0.5) and 0.98 (p > 0.9).
From a more pessimistic point of view, FDRs amount to 56% (p > 0.5) and 41% (p > 0.9) by
comparing the number of genomic regions classified as structured RNA in true and shuffled
data. These can slightly be corrected to 50% (p > 0.5) and 33% (p > 0.9) by correcting for
multiple alignments which map to the same genomic position. The 3,672 (p > 0.5) and 2,366
(p > 0.9) predicted ncRNAs imply lower bounds between 1,600 and 1,900 structured RNAs,
of which roughly one third are annotated (Tab. 2.6). It follows that we can roughly expect
1,000 structured RNA elements of bona fide novel ncRNAs in our dataset.
In order to estimate the sensitivity of a screen we compared our data to recent C. elegans
43
2. Prediction of short non-coding RNAs
Genomic alignment Number of RNAz hits
context length p > 0.5 p > 0.9
Intronic 597,128 1,235 891
5’-UTR 116,193 119 65
3’-UTR 128,766 130 69
Intergenic 810,989 1,221 726
Total 3,672 2,366
Length(nt) 13,567,851 432,536 291,499
Table 2.5. Statistics of RNAz signals in nematodes. Predicted ncRNAs are slightly
enriched in introns, while UTR elements are rare. 54 ncRNAs are annotated as 5’-
UTR as well as 3’-UTR which might be regulatory elements for polycistronic transcripts
[Blumenthal 2004]. Numbers refer to the C. elegans genome.
ncRNA annotation [Stricklin et al. 2005, Deng et al. 2006], see Tab. 2.6 and 2.7. An accurate
sensitivity estimate of an RNA gene finding approach is hard to derive, since comprehensive
annotations are only available for a few “classical” ncRNA families. Tab. 2.6 summarizes
our results for some major families. Two effects influence the sensitivity of our screen: (1)
the classification accuracy of RNAz and (2) the probability that the corresponding genomic
region is sufficiently conserved to yield a Blast-based alignment. With the exception of
annotated snoRNAs and miRNAs, especially the latter contain a large number of species-
specific sequences annotated as “tiny ncRNAs” [Ambros et al. 2003], our alignments contain
more than 80% of the well-conserved classical ncRNAs (e.g. tRNAs, rRNAs, RNase P and
MRP, pre-miRNAs, and snRNAs).
The sensitivity of RNAz strongly depends on the RNA class. It is typically on the order of
80%, with the notable exception of one third to one half for snoRNAs which are notoriously
difficult to recognize based on sequence alignments [Washietl et al. 2005a]. The low sensitivity
for rRNAs is due to the high degree of conservation of the 5S rRNAs between C. elegans and
C. briggsae. Since these global alignments lack any covariance information, it is impossible
for RNAz to make a significant decision.
The SVM underlying the RNAz program classified the overwhelming majority of known ncR-
NAs as structured RNA with high classification probabilities (p > 0.9), see Fig. 2.7. However,
a few true positives were identified with small class-probabilities, indicating that a cutoff at
a much higher value than 0.5 would significantly decrease the sensitivity. The distribution
of classification probabilities also provides us with an independent way of estimating FDRs,
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RNAz
Known in In C.el./C.br.
genome alignment p > 0.5 p > 0.9
Ng Na sg N sg sa N sg sa
tRNA functional 591 584 0.98 509 0.86 [0.87] 465 0.78 [0.79]
pseudogene 1,072 70 - 50 - - 44 - -
miRNA 117 40 0.34 34 0.29 [0.85] 34 0.29 [0.85]
snoRNA 31 26 0.84 13 0.41 [0.50] 9 0.29 [0.35]
snRNA spliceosomal 72 72 1.00 54 0.75 [0.75] 47 0.65 [0.65]
spliced leader 30 26 0.87 26 0.87 [1.00] 26 0.87 [1.00]
rRNA 22 20 0.90 5 0.22 [0.25] 4 0.18 [0.20]
Table 2.6. Sensitivity of RNAz-detected ncRNAs in nematodes. The table is based on
ncRNA annotations from the WormBook. We compare the numbers Ng of genes known
in the genome with those contained in our input alignments (Na), and those classified
as structured RNAs by RNAz (N) at two different classification probability levels p. In
addition, sensitivities are listed as fractions sg of known genomic loci, and as fractions sa
of known sequences contained in the input alignments (given in square brackets). Sensi-
tivities are reported relative to the C. elegans genome.
RNAz
Validated In C.el./C.br.
ncRNAs alignments p > 0.5 p > 0.9
Type Ng Na sg N sg sa N sg sa
in WormBook 97 90 0.93 63 0.64 [0.70] 55 0.56 [0.61]
H/ACA snoRNA 41 31 0.76 11 0.26 [0.35] 9 0.21 [0.29]
CD snoRNA 28 19 0.68 3 0.10 [0.15] 2 0.07 [0.10]
sb RNA 9 3 0.33 2 0.22 [0.66] 2 0.22 [0.66]
snl RNA 8 3 0.38 3 0.37 [1.00] 2 0.25 [0.66]
unknown 14 14 1.00 4 0.28 [0.28] 2 0.14 [0.14]
all novel 101 70 0.69 23 0.23 [0.33] 17 0.17 [0.24]
Total 198 160 0.81 86 0.43 [0.53] 72 0.36 [0.45]
Table 2.7. Comparison with experimentally validated small ncRNAs. Columns have
the same meaning as in Tab. 2.6. Sensitivities are reported relative to all genomic loci
of a known ncRNA family and relative to those ncRNA loci contained in our alignments
(square brackets).
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Figure 2.7. Distribution of classification probabilities among nematode RNAz pre-
dictions. Colors indicate the fractions of known ncRNAs, predicted histone elements,
and predicted families with two or more homologous in each histogram bar.
yielding a value of about 11%. This is in agreement with the observed FDR for individ-
ual alignment windows. The much less favorable FDR of 49% for the entire screen has it
roots in overlapping RNAz hits and the fact that our procedure by construction systematically
overestimates FDRs.
Intronic ncRNAs. A large fraction of our ncRNA candidates are located in introns. Inter-
esting examples are RNAz-515115 and RNAz-515227, see which are located in introns of the
putative protein-coding genes C14A6.5 and W04E12.5, respectively. Both genes do not have
annotated homologs in C. briggsae but their intronic sequences are fairly well-conserved in
C. briggsae, see Fig. 2.8. Rodriguez et al. [2004] showed that such a structure is reminiscent
of host genes whose purpose is to carry miRNAs. Since our predicted consensus structures
are well conserved and stable hairpins, we conclude to have identified novel miRNAs. The
current miRBase (release 15, April 2010) confirms 37 RNAz hits, we note sequence similarity
(blastn, E < 1e− 10) with 89 annotated miRNAs (35 of C. elegans).
Multi-copy structured RNAs. Clustering RNAz hits using blastclust yields 148 se-
quence clusters containing a total of 916 RNAz signals and 2,756 individual sequences. Most
of them are known tRNAs, snRNAs, and other already annotated ncRNAs (725 sequences in
134 clusters). The largest remaining group is associated with histone genes. Their consen-
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Figure 2.8. Intronic RNAz hits of nematodes. Genomic context of two RNAz hits located at
introns of protein-coding genes from chrV. Surprisingly, their intronic sequences are better
conserved than adjacent exons. We hypothesize that these introns host novel non-coding
transcripts. The two examples are not part of current annotation tracks, e.g. miRBase-15.
sus fits to 47 RNAz hits. The motif appears in a region annotated as “a consensus sequence
thought to contain a putative U7 snRNA” in two GenBank entries of C. elegans histone
genes X15633 and X15634 [Roberts et al. 1989]. The U7 snRNA is part of the machinery
for processing histone mRNAs [Dominski & Marzluff 2007] but so far has not been verified
directly in nematodes. We checked for Sm protein binding site, HDE binding site and the
snRNA-like promoter element UM1, however with negative result.
In contrast to Drosophila [Melnikova & Georgiev 2005], no telomerase RNA (tmRNA) has so
far been reported for C. elegans [Jones et al. 2001, Stein et al. 2003, Stricklin et al. 2005],
although it contains a “normal” telomeric repeat sequence. A putative telomerase reverse
transcriptase (TERT) was identified by Malik et al. [2000] which shows several atypical fea-
tures suggesting that a unique mechanism of telomere extension may have developed in the
Caenorhabditis lineage. We identified 16 RNAz hits containing the one-and-a-half repeat of
the telomeric template that is characteristic for tmRNA [Jones et al. 2001], here CCTAAGC-
CTTAA. However, we missed the two putative tmRNAs tts-1 and tts-2 transcripts discussed
by Jones et al. [2001]: The first is not conserved at sequence level, the second is rejected by
RNAz. Using pknotsRG [Reeder & Giegerich 2004] we checked for a locally stable pseudoknot
domain immediately downstream of the template sequence that is typically observed in ver-
tebrate, ciliates, and yeast tmRNAs [Chen et al. 2000, Lin et al. 2004, Chen & Greider 2005].
However, with negative outcome. Therefore, we conclude that we did not detect a plausible
candidate for telomerase RNA with a conserved secondary structure.
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Discussion
The systematic comparison of the genomic DNA of C. elegans and C. briggsae reveals evi-
dence for a large number of structured RNA motifs. Most are located either within introns
or relatively far away from known protein-coding regions. This strongly suggests that the
majority of these signals are bona fide ncRNAs. The comparable density of signals in introns
and intergenic regions, and the sparse occurrence of signals in UTRs, also tally well with a
recent experimental study of C. elegans ncRNAs, in which 56% of 198 loci were found in
introns versus 42% in intergenic regions, and only a few in UTRs [Deng et al. 2006].
The argument for RNAz signals representing actual ncRNA loci is further supported by the fact
that some subclasses of both intronic and intergenic ncRNAs are associated with upstream
motifs that appear to be characteristic for C. elegans ncRNAs (data not shown, see original
publication [Missal et al. 2006]).
With an estimated sensitivity of around 50% we predict the total number of structured
RNA motifs at 3,000-4,000, comprising about 1Mb of the genome. There is ample evidence
that a considerable amount of recently detected non-coding transcription is poorly conserved
between relatively close species [Wang et al. 2004] and RNAs which might perform their
function without the need for a well-defined structure, e.g. antisense transcripts [Carninci
et al. 2005], are not detectable by our method. Estimates based on intron conservation
and conserved upstream motifs have arrived at figures in the range 1,600 to 4,100 different
C. elegans ncRNAs [Deng et al. 2006], thus lending support to our estimate for structured
RNA motifs.
In the near future, several additional nematode genomes will become available, including
both distant species with a parasitic lifestyle such as Pristionchus pacificus or Brugia malayi
but also close relatives such as C. remanei, C. brenneri, or C. japonica. A denser taxon
coverage of nematodes will undoubtedly also increase the specificity of the ncRNA annota-
tion in this phylum. Currently, we prepare a subsequent comparative analysis of non-coding
RNAs in nematodes considering these relatives. Although it is not published, yet, we can
already conclude that the number of RNAz-derived ncRNA candidates in 5-way alignments
of Caenorhabditis species significantly exceeds the estimates obtained from pairwise align-
ments presented in this study. Table 2.8 summarizes our very recent findings and gives an
overview on our latest annotation of the nematode ncRNA repertoire. We performed both
homology-based and de novo ncRNA gene detection in their genomes using stat-of-the-art
methods (2010). Details about specific ncRNA classes or particular prediction methods will
be published and discussed elsewhere.
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tRNA 791 774 1139 606 857 199 1282 164 466
tRNA pseudogenes 167 184 448 214 450 23 234 53 151
18S 21 3 16 2 17 411 279 20 86
ITS1 7 0 7 2 6 141 110 8 42
5.8S 3 0 10 2 4 112 89 6 29
ITS2 0 0 9 1 2 154 101 5 26
28S 17 8 32 3 21 708 366 28 86
5S 37 7 34 16 24 430 89 8 35
U1 17 9 23 12 19 9 12 7 9
U2 12 13 24 19 22 3 9 4 15
U4 8 5 10 5 6 1 14 2 3
U5 15 10 20 13 14 3 16 4 4
U6 20 35 36 21 21 2 26 5 4
RNase MRP 1 2 2 1 1 1 1 1 1
RNase P 1 1 1 1 1 1 1 1 0
7SK 4 2 2 2 2 0 0 0 0
SmY 22 11 26 11 7 1 26 1 1
SL1 15-29 1-3 22-31 1-10 4-6 7-14 35-86 16-22 3-4
SL2 26-28 19-21 48-80 18 25 - 34-39 - -
sbRNAs 31 38 43 19 18 0 25 5 10
miRNAs 145 144 159 174 104 - - - -
snoRNAs 124 113 152 134 100 0 29 5 9
U3 5 4 12 6 8 3 8 3 4
tncRNAs 0 0 0 39 0 0 0 0 0
snoRNAs 29 26 32 26 11 - 6 - -
miRNAs (RNAmicro, p > 0.99) 821 687 346 333 2,425 21 26 - -
RNAz 1.0, p > 0.9 7,582 7,329 6,169 7,067 4,168 - - - -
RNAz 2.0, p > 0.9 6,073 5,861 5,070 5,702 3,568 - - - -
promoters 6,336 6,958 9,389 5,704 10,051 - 3,637 - -
introns [Hiller et al. 2009] 666 782 674 1220 331 - 3 - -
exons (RNAcode) 55,124 53,776 44,905 53,799 39,731 1,790 2,104 - -
Table 2.8. 2010 state-of-the-art annotation of the nematode ncRNA repertoire.
Summary of the number of detected ncRNAs (top) and de novo gene finding results (bot-
tom) in nematode genomes.“-” indicates that the method was not applied to the respective
genome, in contrast to “0” which means that we did apply the method but no hit was
reported. Intervals depict ambiguous cases where we could not finally decide whether a
predicted gene is functional or not.
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2.4 Computational RNomics of Drosophilids
Introduction. Statistical evidence for an enrichment of structured RNAs within highly
conserved non-coding elements of Drosophila melanogaster has been reported [Siepel et al.
2005]. Drosophilid genomes have recently been completely sequenced by the Drosophila 12
Genomes Consortium [2007] and the NHGRI∗. Drosophilid genomes are an ideal model system
for ncRNA prediction, since their evolutionary divergence is comparable to those of mammals.
As a consequence, large portions of their genomes are alignable, while at the same time there
is substantial sequence variation. Both are necessary prerequisites for currently available
ncRNA detection tools.
In addition, two recent genome-wide studies provide experimental evidence of a large reservoir
of novel ncRNAs in Drosophila melanogaster : Isogai et al. [2007] mapped TRF1 and BRF
binding sites in the D. melanogaster genome and showed that, unlike most other eukaryotes,
TRF1/BRF binding appears to be responsible for the initiation of all classes of Polymerase-III
(Pol III) transcription. Since small ncRNAs are known Pol III transcripts, their data suggests
that drosophilids are likely to have a large set of previously unannotated small ncRNAs. A
large-scale tiling array study of transcription in the early development of D. melanogaster
[Manak et al. 2006] found that about 20% of the observed transcripts in D. melanogaster
derive from stand-alone intergenic or intronic sources and may constitute new types of RNAs,
including a substantial fraction of ncRNAs.
Methods. Non-coding RNAs were searched in the 12-way Pecan [Paten et al. 2009] align-
ments [Drosophila 12 Genomes Consortium 2007] of the Comparable Analysis Freeze 1 (CAF1,
Feb. 2006)† which comprise the D. melanogaster chromosomes 2L (22.4Mb), 2R (20.8Mb),
3L (23.8Mb), 3R (27.9Mb), 4 (1.3Mb), and X (22.2Mb). Alignment preprocessing, see
Tab. 2.9, filtered roughly 50% of the nucleotides of the original Pecan alignments. These
were then screened by RNAz.
Phylogenetic relationships and branch lengths within drosophilids were taken from the AAA
project (Alignment/Analysis/Annotation of 12 related Drosophila species) [Drosophila 12
Genomes Consortium 2007]. Branch lengths are genomic mutation distances computed from
4-fold degenerate sites in all coding regions corrected for base composition as in [Tamura
et al. 2004]. In order to identify the branch in the phylogenetic tree at which an RNAz hit
firstly appeared, we determined the last common ancestor (LCA) of the sequences in the
corresponding input alignment and assigned the RNAz hit to the branch in the tree leading
∗http://www.genome.gov/11008080 and http://rana.lbl.gov/drosophila/
†http://rana.lbl.gov/drosophila/
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chromosomes
overall 2L 2R 3L 3R 4 X
Alignments 4,077 659 804 676 861 65 1,012
Aligned DNA [Mb] 117 22 21 23 28 1 22
Screened by RNAz [Mb] 57.4 11 10 12 14 0.4 10
Percentage 49 50 48 52 50 40 46
RNAz p > 0.5 42,482 7,824 6,646 8,765 10,351 196 8,700
[Kb] 5,079 927 783 1,060 1,229 25 1,055
RNAz p > 0.9 16,377 2,940 2,473 3,413 3,862 80 3,609
[Kb] 2,167 385 321 461 511 11 478
FDR p > 0.5 hits 56.5 54.5 57.2 57.5 55.9 68.4 57.3
sequence 52.8 50.7 53.6 53.9 52.4 64.0 53.0
FDR p > 0.9 hits 45.3 43.6 45.1 47.8 46.2 43.7 43.8
sequence 40.2 38.2 40.2 42.5 41.1 36.4 38.7
Table 2.9. Overall statistics of the drosophilid RNAz screen. Initial filtering of Pecan
alignments leaves ∼50% as input for RNAz. The distribution of RNAz hits does not show
a chromosomal bias. We counted the number of predicted loci and their overall length at
two probability thresholds (p > 0.5, p > 0.9) for normal and also randomized alignments.
Obtained relative frequencies (given as percentages) can be interpreted as false discovery
rates (FDR). As expected, the FDR decreases with a higher RNAz class-probability.
to this internal node. Since RNAz hits are a combination of single windows and each window
represents a specific selection of sequences out of an n-way alignment, we only considered
those sequences for the LCA analysis which were present in all windows.
Results & Discussion
We report here on the first computational genome-wide screen for structured RNA motifs
in drosophilids. The detected RNAz hits are either independently transcribed ncRNAs with
evolutionarily conserved secondary structures, or they are structured elements that are parts
of protein-coding transcripts such as SECIS or IRE elements. Overall, 42,482 RNAz hits
corresponding to roughly 5Mb of the D. melanogaster genome show evidence of evolutionarily
conserved RNA secondary structure. About 20% of these overlap existing annotation. The
16,377 loci of the high confidence set cover approximately 2.1Mb of DNA, see Tab. 2.9.
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Class RNAz input annotated sensitivity (%)
tRNA 171 250 297 69
5S rRNA 0 0 99 — not in input
SRP RNA 0 0 2 — not in input
RNAse P 1 1 1 100
snRNA 18 22 22 81 U6 not detected
snoRNA 96 202 250 48
miRNA 75 78 85 96
Table 2.10. Sensitivity of the drosophilid RNAz screen on known ncRNAs. Obviously,
the sensitivity of the RNAz approach to recover already annotated ncRNAs is limited to
ncRNAs present in the input alignment.
Sensitivity & Specificity. In total, 336 hits correspond to known ncRNAs according to
at least one source of annotation (FlyBase: 316; Blast against miRBase: 79, NONCODE:
44, Rfam: 222; tRNAscan-SE: 159). Table 2.10 summarizes the recall of the screen on several
“classical” ncRNAs families. Note that some ncRNA classes were not part of the Pecan
alignments, notably the 5S rRNA sequences. We recovered 96% of known D. melanogaster
miRNAs.
A Blast search of the drosophilid RNAz hits against the results of prior RNAz surveys of
mammals [Washietl et al. 2005a], urochordates (section 2.2), and nematodes (section 2.3)
yields the following pattern of conservation: 167 tRNA hits and 11 snRNAs associated with
the major spliceosome. Furthermore, we detect the U6atac snRNA (which was previously
unannotated) and 5 additional microRNAs.
In order to estimate the screen’s FDR, we repeated the screen with shuffled alignments, see
section 2.1.2, such that two alignment columns are swapped only if both their gap and the their
sequence conservation pattern are the same. This amounts to a very “gentle” shuffling that in
particular preserves pairwise sequence divergence within any given window and we observed
29,938 positively scored RNAz windows. It may fail to remove the secondary structure signal
in several cases because too few pairs of alignment columns satisfy the stringent conditions
for shuffling. This is at least one reason why we observe 3,239 (7.6%) hits in which true and
shuffled screen intersect, including 53 of the 756 annotated D. melanogaster ncRNAs, almost
exclusively tRNAs. The estimated FDR of roughly 50% (p > 0.5) and 40% for the high
quality set should therefore be regarded as pessimistic estimates, see Tab. 2.9.
The results of a second, more “vigorous” shuffling approach lead to much more optimistic
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estimates: shuffling of the columns without considering their sequence conservation or gap
pattern reduces the estimated FDR by factor 45 to only 1-2% (662 windows). One may argue,
of course, that shuffling columns independently will change the gap pattern of the alignment
(even though it still conserves pairwise sequence identities). Hence, this procedure may well
underestimate the FDR. The dramatic difference in the result highlights a general problem
that so far has not been solved in a satisfactory way, namely how to systematically construct
randomized alignments that preserve all correlation features of the genomic background ex-
cept the one under consideration. One important feature which must be mentioned at this
point is dinucleotide content. Due to the stacking energy contributions in the folding model,
dinucleotide content can considerably affect folding energies and thus FDR estimates. As a
consequence, a year after this study, Gesell & Washietl [2008] published a method to compute
dinucleotide controlled null models for comparative RNA gene prediction. However, we found
that, in contrast to mammalian genomes [Washietl 2007], there is no strong dinucleotide bias
in the genomic background of D. melanogaster that effects folding energies. Therefore, our
estimates from mononucleotide shuffled alignments will not dramatically differ from estimates
obtained from controls with the same dinucleotide content.
In contrast to previous RNAz screens, we have not removed coding sequences from the input
alignments. Notably, 19% (8,021) of RNAz hits at p > 0.5 and 13% (2,208) at p > 0.9 overlap
with annotated coding regions. These fractions are much smaller than the expected FDRs; we
therefore assume that most of these signals are indeed false positives. Interestingly, if we base
our analysis on the number of nucleotides that are predicted to lie in regions with conserved
structures instead of counting the RNAz hits, the estimates are reduced to 15%, and 11.5%,
respectively (see Fig. 2.9).
Conversely, only 12% (8,326) at p > 0.5 and less than 4% (2,522) at p > 0.9 of the annotated
coding regions are detected by RNAz. Note that 1,398 RNAz hits overlap more than one
annotated coding region. The small percentage of RNAz hits in annotated CDS indicates that
even a possibly large number of unannotated coding sequences will not have a significant
impact on the interpretation of the RNAz results in the sense that only a small fraction of the
RNAz hits may be previously unannotated CDS. To further corroborate this point, we have
computed the overlap of the RNAz predictions with various gene prediction tracks obtained
from the the UCSC Table Browser, yielding no significant increase in the number of RNAz hits
at putative CDS: In total, only 11,172 (p > 0.5) and 3,144 (p > 0.9) RNAz hits lie in regions
with any evidence for coding capacity.
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Figure 2.9. Genomic distribution of D. melanogaster RNAz hits. We compare genomic
locations of the RNAz hits in D. melanogaster for two different classification thresholds
with the corresponding distribution of the input alignments (relative to the FlyBase gene
track). In addition, the distribution for the human ENCODE regions [Washietl et al.
2007] is shown. The numbers differ slightly, since we have normalized them to 100%.
Percentages for 5’-UTRs are (from left to right): 1.24%, 1.69%, 1.70% and 0.6%. In
general, the distribution of structured RNAs closely follows that of conserved sequence,
i.e., there is no strong enrichment of RNAz hits in a particular annotation class. The most
striking difference between human and fly is the much larger fraction of intronic RNAz hits
in the ENCODE data.
Genomic distribution The genomic distribution of RNA candidates in D. melanogaster
is comparable to the observations in previous RNAz-based screens, see Fig. 2.9. As in the
ENCODE data [Washietl et al. 2007], the distribution of RNAz hits largely follows the patterns
of sequence conservation. In the fly data, only 5’-UTRs show a substantial enrichment relative
to the input data. In contrast, the largest enrichment in the human ENCODE data was
observed from 3’-UTRs [Washietl et al. 2007]. The most striking difference between fly and
human data is that the relative fraction of both intronic RNAz hits and intronic sequence
conservation is twice as large in human.
In a recent article Manak et al. [2006] describe widespread transcriptional activity in the
D. melanogaster genome during 12 timepoints of early embryonic development detected by
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genomic tiling arrays. When comparing the RNAz hits to this data, we identify 4,236 (p > 0.5)
and 1,713 (p > 0.9) hits that overlap a Transfrag in any of the 12 timepoints. A comparison
of the fractions of RNAz hits from normal and control screen which overlap Transfrags in one,
several, or all timepoints yields, however, no significant enrichments (see supplement).
The distance distribution of intergenic RNAz hits reveals a striking difference between the
situation in the human and the fly genome, see Fig. 2.10. Since the D. melanogaster genome is
much more compact than the human one, we need to compare the distribution of the distances
between RNAz hits and the nearest coding sequence relative to the length distribution of the
intergenic regions (IGR). In Fig. 2.10 we plot the relative frequency of IGR with a length
exceeding a given distance D and the relative frequency of RNAz hits with a distance larger
thanD from the nearest coding region. If intergenic RNAz hits are uniformly distributed within
IGRs, the distribution of RNAz-CDS distances looks like the distribution of IGR distances,
just shifted to the left by a factor of 4. Indeed, this is observed in the human data, albeit
the shift is a factor between 3 and 4, indicating that the placement of intergenic RNAz hits in
human is nearly uniform, with a small tendency of avoiding the proximity of coding genes.
In contrast, about 40% of the D. melanogaster RNAz hits in intergenic regions are located
adjacent to coding sequences. This may indicate that the current annotation of the fly genome
lists boundaries of protein-coding genes which systematically truncate UTRs. If this is the
case, however, we then would have to interpret more than 15% of the total RNAz hits as
located in UTRs. Our data could be explained if a situation similar to the minifly gene is
prevalent in the fly: For this gene a recent study [Riccardo et al. 2007] described several
alternative poly-A sites and multiple small ncRNAs that are processed from alternative 3’-
UTRs. At least one of these ncRNAs is structured: snoRNA H1 which we also detected in our
screen. In any case, the structured RNAs by RNAz are on average much more closely linked
to protein-coding genes in flies than in human. Almost 10% of the intergenic RNAz hits, i.e.,
the tail in Fig. 2.10, is located further away from CDS than expected for random placement.
This suggests the existence of a distinct class of RNAz hits with a propensity for large IGRs.
Most likely, these signals correspond to independently transcribed ncRNAs.
About 20% of the unannotated transcripts observed in D. melanogaster early development
arise from stand-alone intergenic or intronic sources [Manak et al. 2006]. Only a relative
small fraction of the novel independent transcripts (5.1% of the total transcriptional output)
has intergenic origin. In comparison, more than 13% [21.9% of 60%] of the transcriptional
output recorded by comparable methods from the ENCODE regions has a distal intergenic
source (relative to annotated exons) [Washietl et al. 2007]. This difference is in agreement
with closer association of most RNAz hits with protein-coding genes in the fly.
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Figure 2.10. Distributions of length of intergenic regions (IGR) and distances of
RNAz hits to their nearest annotated CDS element in fly and human. The two
curves with shaded backgrounds show the distribution of IGRs that exceed a given length
D for Homo sapiens and D. melanogaster respectively. The shape of these curves is very
similar. Note that, although distances D < 50nt are omitted in the plot, all cumulative
distributions of course reach 1 at D = 1. The main difference is that the IGRs in fly are on
average two orders of magnitude shorter. Thick lines indicate the distribution of distances
of RNAz hits that have a distance of more than D from the nearest coding sequence. In
humans, this distribution is similar to the IGR distribution, shifted to the left by a factor
of 3 to 4. In contrast, we observe a completely different shape in flies: A fraction of about
40% of the RNAz hits is located adjacent to the annotated genes. On the other hand, a
small fraction of the RNAz hits is located further away from coding genes than expected.
RNAz hits refer to the comprehensive set p > 0.5.
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Further annotation of RNAz predictions In a recent study, Isogai et al. [2007] identified
TRF1/BRF binding sites using high-resolution genome tiling arrays and provided evidence
that in Drosophila the alternative TRF1/BRF complex appears responsible for the initiation
of all known classes of Pol III transcription. Highly significant RNAz hits (p > 0.9) are about
three-fold enriched in these regions. We have therefore analyzed the distribution of RNAz hits
within the experimentally determined TRF1 and BRF binding regions. As reported in Isogai
et al. [2007], most of the sites correspond to tRNAs, 7SL RNAs, and a subset of snoRNAs. In
addition to these known ncRNAs, the loci contain 197 unannotated RNAz hits which are prime
candidates for novel Pol III transcripts. In order to identify putative miRNAs, we screened all
RNAz hits with RNAmicro [Hertel & Stadler 2006]. This results in 607 candidates, of which 541
are unannotated so far. 176 of these signals are located in annotated CDS and are therefore
most likely false positives, leaving 365 plausible microRNA candidates. The recent discovery
of hundreds of new human miRNAs that are not conserved beyond primates strongly suggests
that “evolution of miRNAs is an ongoing process and that along with ancient, highly conserved
miRNAs, there are a number of emerging miRNAs” [Berezikov et al. 2006]. In the light of
these data, a large number of drosophilid-specific miRNAs does not come unexpected. Using
SnoReport [Hertel et al. 2008], 59 RNAz hits are classified as putative box H/ACA snoRNAs,
of which 4 intersect with previously annotated snoRNAs. Taking into account that for only
22 of the 250 annotated snoRNAs the annotation distinguishes between box H/ACA (3), box
C/D (18), and scaRNAs (1), the small overlap with the existing annotation is not surprising.
Again, recent experimental surveys in other species, including nematodes [Zemann et al. 2006,
Deng et al. 2006] and mammals [Yang et al. 2006] have discovered a substantial number of
previously unannotated snoRNAs in these species, suggesting that the current annotation
of snoRNAs in D. melanogaster is also far from complete. Finally, 1,700 RNAz hits have
direct evidence for expression through ESTs that are not related to protein-coding genes, i.e.,
through ESTs that do not intersect with the FlyBase, RefSeq, N-SCAN, Genscan, and Human
Proteins gene/mRNA tracks of the UCSC Table Browser.
Structure-based clustering We applied structure-based clustering to identify common
secondary structures and, hence, putative novel functional RNAs to the 197 unannotated
RNAz hits that overlap TRF1/BRF binding regions. The resulting clustering tree is given
in Fig. 2.12. Structurally related candidates are typically highly diverged at sequence level,
since all clusters have a mean pairwise identity (MPI) below 45%. A selection of prominent
clusters is given in the supplement.
Figure 2.13 depicts an example cluster of complex structures. Clusters 22, 25 and 28 have
a structure with two stem loops in common. All consensus structures show compensatory
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Figure 2.11. Examples of miRNA-associated RNAz predictions. On top we depict the
the high-scoring (p > 0.99) locus 4842 of chromosome 3R ranging from 12,681,981 to
12,682,095. We recovered the well known miRNA mir-iab-4, which is already available
at the NONCODE, the miRBase, or the FlyBase. In turn, we present a putative novel
miRNA structure found at locus 132 of chromosome 4 (599,336 - 599,452) at the right.
Both RNAz and RNAmicro reported a class probability of 0.99 for this locus. However, it is
still not part of the current miRBase annotation (version 15.0).
mutations. Figure 2.14 depicts a large cluster of simple hairpin structures. They show a
relatively high structural conservation (high structure conservation index, SCI) whereas the
sequence similarity (expressed as MPI) is small.
Phylogenetic distribution. In order to study the phylogenetic distribution of RNAz pre-
dictions we determine the last common ancestor for each RNAz hit that contains the corre-
sponding sequence in the input alignment. Figure 2.15 summarizes our results for both the
true data and the “gentle” control screen.
More than 50% of the RNAz hits are only found within the melanogaster subgroup. To
interpret this result we compute the ratio of newly appearing RNAz hits and the length for each
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Figure 2.12. Complete WPGMA cluster tree of RNA candidates overlapping TRF
and BRF binding regions. The clustering tree was created by agglomerative clustering
where the distances correspond directly to the LocARNA alignment score [Will et al. 2007],
see also section 1.3.6. To avoid that large scores influence the distance transformation,
distances are defined by d(i, j) = max(0, q − score(i, j)) where q is the 99% quantil of all
pairwise scores. Most prominent clusters are highlighted red, details about these clusters
are given in the supplement. Clusters 131 and 29 (green) are described in the text.
branch in the tree leading to D. melanogaster. We observe little variation in the data, with
the exception of a reduced rate of innovation along the most recent branch. This reduction
is, however, most likely a methodological artefact, since the pairwise mutation distances
between D. melanogaster, D. simulans, and D. sechellia are only about 0.1 and RNAz is known
to be less sensitive for highly similar sequences. Approximately 12% of the RNAz hits are
conserved throughout all drosophilids. In comparison, the vertebrate RNAz screen [Washietl
et al. 2005a] found about 3% of mammalian RNAz candidates (1,000 out of 36,000) to be
conserved throughout vertebrates. A comparison of true and shuffled screens furthermore
indicates a small but significant decrease of the FDR with phylogenetic age of an RNAz hit.
Expression patterns. In an ongoing Drosophila microarray study, we currently analyze
the expression of RNAz-derived candidate ncRNAs. Since this is unpublished joint work, we
unfortunately have to keep this paragraph short. However, it seems that at least one-sixth
of all Drosophila RNAz predictions are differentially expressed (data not shown). Interest-
ingly, we obtained significant expression signals in normal wildtype flies which confirm our
predictions but also noticed switch-like expression patterns of several candidate RNAs in het-
erochromatin mutants that suffer from specific concerted transcriptional pathway defects of
the heterochromatin complex, see Fig. 2.16. Pairwise comparisons of expression intensities
between the wildtype and the mutants reveal that several thousand probes are significantly
up or down regulated. These studies on differential expression are not only designed to vali-
date our gene predictions, we furthermore expect to elucidate particular interactions or actual
functions of ncRNA candidates via such classic genetic knockout experiments.
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Figure 2.13. Cluster of complex structures. Structure-based clustering of RNAz hits with
evidence for transcription by Pol III identifies a group of Y -shaped, potentially related
putative ncRNAs. Abbreviations: N: number of sequences in cluster. MPI: mean pairwise
identity of multiple alignment. SCI: structure conservation index.
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Figure 2.14. Cluster of simple hairpin structures. A fraction of the RNAz hits with
evidence for transcription by Pol III exhibits hairpin structure. However, they lack any
other annotation. This is in line with the finding that miRNAs are not transcribed by Pol
III. Abbreviations: N: number of sequences in cluster. MPI: mean pairwise identity of
multiple alignment. SCI: structure conservation index.
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Innovations/branch length:
Figure 2.15. Phylogenetic distribution of drosophilid ncRNA candidates. The tree
only represents the topology and is not drawn to scale. Branch lengths are indicated below
by large numbers in sans serif font, measured in terms of substitutions per site for 4-fold
degenerated sites. For each branch we mark the number of RNAz hits at p > 0.5 and
p > 0.9 above the branch leading to the last common ancestor (LCA) of the sequences
in the corresponding input alignment (full boxes). Below the branches we indicate the
corresponding numbers for the “gentle” control screen. Below the tree the ratio of the
fraction of newly appearing RNAz hits and the branch length is given, indicating little
variation in the “innovation rate”. Since the original tree is unrooted without an outgroup,
no data are available for the branch separating Sophophora from the rest. The number of
RNAz hits listed in the tree is smaller than the total number of RNAz hits because we only
considered sequences present in all single windows of an RNAz hit here.
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Figure 2.16. Heatmap of drosophilid ncRNA expression. The figure illustrates ex-
pression patterns of probe sets from RNAz hits most significantly differentially expressed
(p ≤ 0.1) between two Drosophila mutants. Since this is ongoing unpublished joint work,
we can not provide precise statistics but can already state that more than 16% of all
RNAz hits are differentially expressed. The third column depicts the respective wildtype
expression profiles. Blue indicates high, red low expression. Rows (expression signals)
highlighted by green labels (right) correspond to RNAz predictions. (A) RNAz-derived ncR-
NAs are expressed in the wildtype but not in the mutants. (B) RNAz-derived ncRNAs are
expressed in the mutants but not in the wildtype. (C) Mutant-specific expression.
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Conclusions. The present computational survey of drosophilid genomes yields about 16,000
high quality predictions. Taking into account the (very pessimistically estimated) false dis-
covery rate of about 40%, this implies that at least some ten thousand loci in a Drosophila
genome show the hallmarks of stabilizing selection action on RNA structure and hence are
most likely functional at the RNA level. The elucidation of these functions, however, remains
elusive in many cases. Here, we have only studied a small subset in more detail. Almost 200
RNAz hits overlap with loci that are likely to be transcribed by Pol III, strongly suggesting
that these are bona fide ncRNAs. Using structural clustering, we discovered several groups
of structural similar ncRNA candidates in these regions.
A comparison with the results from the human screen and with an analysis of ENCODE
regions [Washietl et al. 2007] shows many similarities and several striking differences. We
observe a smaller fraction of intronic and a larger fraction of protein-coding hits in flies,
see Fig. 2.9. A comparison of the distances between RNAz hits and their nearest annotated
protein-coding sequence shows that structured RNAs are concentrated much more strongly
around known genes in flies than in human, even when accounting for the much more com-
pact D. melanogaster genome. This observation agrees with recent tiling array data [Manak
et al. 2006] which showed that a much smaller fraction of intergenic transcription is truly
independent from surrounding protein-coding genes in flies compared to human [ENCODE
Project Consortium 2007].
Here, we have presented results from the original paper. Back then, 79 candidates could
be annotated as miRNA precursors according to miRBase annotation (version 9.0). Today,
version 15.0 already confirms 117 RNAz hits which belong to 116 officially listed miRNAs.
This tendency strikingly supports our approach.
The inventory of structurally conserved RNAs is only a very small subset of the total non-
coding transcriptional output which covers most of the non-repetitive genome [Manak et al.
2006]. Our computational approach relies on substantial sequence conservation. Indeed many
of the known ncRNAs that were missed in our survey were not in the input set. However, RNAz
hits are subject to specific selection pressures that make it highly likely that RNAz predictions
have distinctive biological function. In contrast, it recently has been shown that in some cases,
such as the bithoraxoid ncRNAs of the Drosophila bithorax complex, ncRNA transcription
itself, acting in cis, represses a target gene (in this case Ubx) [Petruk et al. 2006]. In such
a scenario, however, we do not expect to observe high levels of sequence conservation of the
non-coding transcripts or the tell-tale substitution patterns of conserved secondary structures.
64
2.5. Duplicated RNA genes in teleost fish genomes
2.5 Duplicated RNA genes in teleost fish genomes
Introduction. With ncRNAs being implicated in a plethora of regulatory roles [Lau & Lai
2005, Mattick & Makunin 2006], it becomes an interesting issue to understand their evolution
in more detail and beyond the mostly anecdotal narratives available for individual ncRNA
gene families.
Compared to the annotation of protein-coding genes, ncRNA annotation of genomic sequences
is still in its infancy. This is true in particular beyond mammalian genomes, which mostly
“inherit” the human and mouse annotation in a straightforward way. A particular problem for
all large-scale studies of ncRNA evolution are massive differences in ncRNA coverage and the
biases in annotation even between fairly closely related species. In addition to biased cover-
age, the currently available ncRNA annotation procedures cannot clearly distinguish between
functional ncRNAs and the sometimes huge number of associated pseudogenes. Figure 2.17
summarizes the situation for the five available teleost fish genomes, making it obvious that a
systematic study of ncRNA evolution cannot be meaningfully performed solely on the basis
of the available annotation.
Figure 2.17. Ensembl-48 annotation of human and teleost fish genomes. (A) Distri-
bution of annotated ncRNA classes (without mitochondrial RNAs). (B) Absolute numbers
of annotated ncRNA genes.
Here, we study the characteristics of ncRNA evolution in teleost genomes. From an evolution-
ary perspective, teleost fish genomes are of particular interest because they have undergone
a complete duplication of their genomes — usually called the Fish Specific Genome Duplica-
tion (FSGD) — just before the radiation of the crown-group teleosts [Meyer & de Peer 2005,
Crow et al. 2006]. This raises in particular the question to what extent duplicated ncRNAs
are retained after such a large-scale duplication event.
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Figure 2.18. Computational workflow to predict ncRNAs in teleosts.
Thus, the purpose of this contribution is two-fold. First we report an RNAz-based survey
of teleost fish genomes. We demonstrate that like many other groups of organisms (several
studies providing evidence are presented in this thesis), teleost genomes contain a large number
of previously undescribed, clade-specific ncRNAs. Secondly, we investigate the fate of ncRNAs
in the wake of a genome duplication from a global perspective.
RNAz screen. We prepared genome-wide alignments of the non-repetitive non-coding DNA
of the five available teleost genomes (Ensembl-48) (fugu,Takifugu rubripesTakifugu rubripes,
Tr; pufferfish, Tetraodon nigroviridis, Tn; stickleback, Gasterosteus aculeatus, Ga; medaka,
Oryzias latipes, Ol; and zebrafish, Danio rerio, Dr) using NcDNAlign (see section 2.8) with
fugu serving as the reference organism. Due to the larger evolutionary distances among
teleosts compared to mammals, only a relatively small fraction of the genomes can be reliably
aligned. In order to improve the performance, we discarded “known coding sequences”.
Local alignments containing at least three species were then scored using the RNAz package,
see section 2.1.2. A brief overview of our computational procedure is presented in Fig. 2.18.
At RNAz classification probabilities of p > 0.5 and p > 0.9 we obtained 19,916 and 6,690 “struc-
tured” sequence windows which can be combined into 11,543 and 4,407 predicted structured
RNA elements. Comparing the amount of positively scored DNA from control and normal
screen yields FDR estimates of 26% and 18% for the low and high confidence levels. Alter-
native approaches, based on the number of positively scored sequence windows, yield similar
results. These estimates do not account for dinucleotide content and might be somewhat
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Species
Tr Tn Ga Ol Dr
Genome size [Mb] 393 402 462 868 1,440
Without CDS [Mb] 361 211 429 838 1,410
Non-coding alignments 66,448 30,369 56,750 49,958 9,027
Aligned DNA [Mb] 8.45 4.9 8.8 5.44 0.96
Scored by RNAz [Mb] 10.7 5.84 5.41 7.7 1.3
RNAz p > 0.5 11,543 5,480 9,897 8,970 1,623
[Kb] 1,469 692 1,229 1,116 201
RNAz p > 0.9 4,407 2,186 3,693 3,412 723
[Kb] 602 260 431 398 85
FDR p>0.5 [%] 26 26 26 26 26
FDR p>0.9 [%] 18 18 19 18 16
Table 2.11. Overview of the teleostean RNAz screen. We report characteristics of the
RNAz input alignments, the number of observed RNAz hits, and FDR estimates.
optimistic. Preserving dinucleotide content while generating randomized alignments is essen-
tial to accurately assess the significance of the prediction [Babak et al. 2007] and previous
RNAz-based studies have shown that taking this effect into account substantially increases the
estimated FDR on mammalian sequences (FDR of ∼50% for the ENCODE regions [Washietl
et al. 2007]). In contrast, the impact of using dinucleotide instead of mononucleotide shuffling
has been quite small on drosophilid sequences, see section 2.4. As an additional control, we
therefore applied SISSIz [Gesell & Washietl 2008], a novel approach to generate dinucleotide-
controlled random alignments with the characteristics of a given input alignment. Not unex-
pectedly, the estimated FDR indeed increased to 68%. The SISSIz-randomized control screen
still contained 41 known ncRNAs, indicating that SISSIz leads to a conservative (pessimistic)
FDR estimate. Table 2.11 gives an overview of the RNAz screen.
We excluded currently annotated protein-coding sequences (Ensembl-48) from our analysis.
The coding potential scores of CPC [Kong et al. 2007] further suggest that almost all RNAz
hits are indeed at non-coding regions: only 100 (< 1%) are predicted as “coding”, a value
that is less than CPC’s false discovery rate which its authors estimate at ∼2%.
In order to obtain at least a rough estimate of the sensitivity, we compared the RNAz output
with existing annotation. Since annotated repetitive elements as defined by RepeatMasker
have been removed from our input data, several classical RNA families have also been ex-
cluded, in particular tRNAs, some of the snRNAs, and most of the “misc RNAs”. Only 321 of
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Class RNAz input Ensembl-48 sensitivity (%)
rRNAs 66 77 77 86
snRNAs 49 64 64 77
snoRNAs 22 55 56 40
miRNAs 261 276 332 95
other 11 11 12 100
all 409 483 541 85
Table 2.12. Sensitivity of RNAz on Ensembl-48-annotated fugu ncRNAs. Denoted
percentages refer to the number of recovered ncRNAs using RNAz (p > 0.5) over the number
of ncRNAs present in the input alignments.
541 known fugu ncRNAs passed the repeat masking step and only 245 of these are sufficiently
well conserved to be alignable with homologous sequences of the remaining teleosts. Of these,
221 ncRNAs (90%) are recognized by RNAz. In order to obtain a more realistic sensitivity
estimate, we retrieved all annotated ncRNAs from the fugu genome, added 100 nt of flank-
ing sequence on both sides, and used NcDNAlign to retrieve their homologs and to construct
multiple alignments. These were then scored with RNAz using the same parameters as the
main screen. We obtained an overall sensitivity of about 85%, see Tab. 2.12. As in previous
work, we note that in particular for snoRNAs the sensitivity is poor, while sensitivity values
for miRNAs are encouraging. A considerable number of predicted ncRNAs overlap ESTs and
hence show evidence for active transcription, see Tab. 2.13.
RNA annotation. Overall, 1,372 RNAz hits can be annotated by the following protocol:
Firstly, known RNA genes and homologs of known ncRNAs were identified based on sequence
comparison, here using blastn searches against all major ncRNA databases (number of RNAz
hits showing sequence conservation with entries of respective ncRNA databases: 115 Rfam,
104 NONCODE, 208 miRBase, 179 miRNAmap, 71 ncRNAdb). In the second step, we
used specialized programs to recognize novel members of three ncRNA classes. Since tRNAs
were removed from the input set as multi-copy genes, we found only one tRNA and two
tRNA pseudogenes with tRNAscan-SE. An experimental version of SnoReport identified 885
snoRNAs (727 CD- and 136 HACA-Box snoRNAs, 22 are classified as both), of which 8 match
previously annotated miRNAs. This is within the expected FDR of SnoReport. We used
RNAmicro to determine putative miRNA precursors. At a confidence level of pRNAmicro > 0.5,
we obtained 434 candidates, of which 190 have blastn matches with miRBase or miRNAmap
entries. Figure 2.19 summarizes the miRNA annotation in more detail.
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Against ESTs from
Tr Ga Dr Ol m-EST-DB
(1) 796 3,847 2,080 3,558 644
annotated 292 1,436 768 2,229 63
unknown 504 2,411 1,314 1,329 581
(2) 192 616 844 693 173
annotated 33 159 194 159 42
unknown 159 457 650 534 131
Table 2.13. EST data provide evidence for expression of fugu ncRNA candidates.
The table lists the number of fugu loci obtained by Blast searches (E < 1e−5) between fugu
sequences from (1) our teleostean ncRNA candidates (p > 0.5, 11,543 loci) and (2) the
tetrapod-conserved subset (1,581 loci, see Tab. 2.14) against EST sequences of four teleosts
provided by the UCSC Table Browser. The small number of matches with fugu ESTs may
be due to the fact that UCSC hosts sequences of a deprecated fugu assembly which is
only partially compatible with the Ensembl data our study is based on. For tetraodon, no
ESTs were available. The last column lists hits to the medaka EST-database available at
http: // medaka.lab. nig.ac. jp/ est_ index.html .
An example of a novel RNAz-derived fugu miRNA candidate, not yet listed in Ensembl-48,
is a homolog of xtr-miR-449, see Fig. 2.20 (top). The structure shows all hallmarks of a
miRNA precursor including the characteristic conservation pattern. Another novel miRNA
precursor candidate found by RNAz and RNAmicro is the intronic locus2693 (scaffold 204, pos.
260,585-260,681). It contains the mature sequence of dre-miR-728 and is also not yet part of
Ensembl-48’s annotation tracks.
As a third step, we employed the structural clustering [Will et al. 2007], recall section 1.3.6,
to find possible novel structural classes. We clustered all RNAz hits with either a class-
probability exceeding 0.9 or a valid annotation, in total 2,293 loci. Figure 2.21 displays the
resulting cluster tree and Fig. 2.20 (bottom) illustrates an example-subtree in more detail.
Several collections of hairpin structures are identifiable. Interestingly, primary sequences vary
considerably but secondary structure motifs are significantly well conserved. Beside known
ncRNAs, both trees indicate novel closely related structures demonstrating that the clustering
approach indeed yields useful classifications. We estimate that the full tree contains at least
106 relevant clusters (which depend on several thresholds, including the cutoffs to actually
define a cluster, an SCI > 0.7, and an MFE < −20 kcal/mol) having an average cardinality of
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Figure 2.19. MicroRNA annotation of teleostean RNAz hits. The Venn diagram con-
trasts the number of RNAz predictions that are positively classified by RNAmicro and hits
that have also a miRBase and/or a miRNAmap Blast hit. For each subset we record
three numbers in the form yxz with y + z = x, where x is the number of miRNA precur-
sors in the intersection of all three approaches, z is the number of corresponding miRNAs
annotated in Ensembl, and y is the number of miRNAs not annotated in Ensembl (these
structures are the most interesting ones because they constitute putatively novel miRNAs).
2.9 sequences, an average SCI of 0.89, and an average MFE of −34.97 kcal/mol. As in other
recent work [Will et al. 2007, Ritchie et al. 2007], we predict several new miRNA candidates
by means of clustering, including some candidates that are not recognized by RNAmicro.
Of particular interest are sets of unannotated RNAz hits that do not only fold into similar
structures and hence are identifiable in the cluster tree but which are also located in close
vicinity on the genome. Such arrangements are observed e.g. for polycistronic miRNA tran-
scripts [Altuvia et al. 2005], for multiple unrelated snoRNAs sharing the same host gene
[Quezada et al. 2006], and for several Pol III transcripts, including Y RNAs [Mosig et al.
2007, Perreault et al. 2007] and vault RNAs [Stadler et al. 2009]. Altuvia et al. [2005] argued
that miRNA precursors that are located within short chromosomal distances (< 3 kb) from
each other most likely arise from polycistronic transcripts. Interestingly, the 434 RNAmicro
predictions contain 41 such clusters. However, there are only six such clusters within the 246
“novel” miRNA candidates, each comprising either two or three loci only. Overall, we observe
1,223 genomic clusters with a maximal distance of 1 kb consisting of 2 to 8 loci. Increasing the
cutoff distance to 10 kb yields 1,912 genomic clusters, the largest comprising 110 sequences.
Within the high confidence p > 0.9 predictions, we still find 234 clusters (730 at 10 kb), each
with up to 5 (20) loci. Figure 2.22 shows the distribution of pairwise LocARNA distances
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Figure 2.20. Novel miRNAs in teleost genomes. Top: fugu miRNA-449 (locus 1285,
scaffold 360, pos. 9,131-9,211). Novel ncRNA candidates (red circle) with a positive
RNAmicro classification are prime candidates for novel miRNAs.
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Figure 2.21. Cluster-tree of chosen high-scoring teleostean ncRNA candidates.
The tree comprises 4,585 nodes, of which 2,293 are leaves. Known fugu miRNAs as pro-
vided by Ensembl-48 are indicated in green (inner circle), RNAmicro-predicted miRNA
candidates are marked in red (outer circle). Certain subtrees containing typical miRNA
clusters are drawn in blue. Encouragingly, the majority of known miRNA clusters is re-
covered (red+green). Overall, there is substantial evidence for novel miRNA(-like) classes
of ncRNA structures in teleostean genomes (red only). Today, 221 RNAz hits are identi-
fied as miRNA precursor sequences according to the current miRBase annotation (version
15.0). Thus, since the time of our original prediction, at least 13 of our predictions have
officially been accredited which substantially confirms our approach.
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Figure 2.22. Histograms of structure distances. The figure depicts the distribution of
structure distances between pairs of adjacent high confidence RNAz hits (p > 0.9) separated
by a maximum distance of 1 kb, 3 kb, and 10 kb. The left column shows distances for all
genomic clusters of RNAz predictions, the right column is restricted to clusters containing
putatively novel structures that are not included at Ensembl-48.
used in structural clustering for RNAz hits that form genomic clusters. The distribution is
clearly bi-modal, consisting of a random bulk and a small set of signals with very similar
structures. While fairly restrictive, these data indicate that there are at least a hand full of
novel structural classes of RNAs that tend to cluster in the same genomic location.
Orthologs and paralogs. A Blast search (E < 10−5) indicates sequence similarity for
8% (944/11,543) of the fugu RNAz predictions with highly conserved non-coding vertebrate
elements (hCNE) [Woolfe et al. 2005], of which 246 candidates have some annotation. 541 loci
are not only alignable with vertebrates (human, mouse, dog, chicken, shark using NcDNAlign),
the extended alignments are still classified as structured RNAs by RNAz, see Tab. 2.14. Within
this set of highly conserved structures, the estimated FDR significantly reduces to only 7-11%
and only two sequences are classified as coding by CPC. 164 of these sequences have homologs
within the set of 997 high-confidence highly conserved predictions of the prior mammalian
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blastn hit passing RNAz
Annotation Annotation
Genome All yes (%) no (%) all yes (%) no (%)
Any non-teleost 1,487 278 (19) 1,209 (81) 541 230 (43) 311 (57)
Homo sapiens 989 222 (22) 767 (78) 478 208 (44) 270 (56)
Gallus gallus 1,050 217 (21) 833 (79) 455 204 (45) 251 (55)
Canis familiaris 1,010 225 (22) 785 (78) 467 203 (44) 264 (56)
Mus musculus 912 211 (23) 701 (77) 429 194 (45) 235 (55)
Callorhinchus milii 610 153 (25) 457 (75) 357 190 (53) 167 (47)
Petromyzon marinus 188 40 (21) 148 (79) - - -
Drosophila melanogaster 32 21 (66) 11 (34) - - -
Caenorhabditis elegans 8 5 (63) 3 (37) - - -
Table 2.14. Phylogenetic conservation of teleostean RNAz predictions. For all
teleostean RNAz hits (p > 0.5), we list the number of elements with blastn-detected ho-
mologs (left part) and the number of hits that again were classified as structured when
aligned with the sequences from human, mouse, dog, chicken, or shark (right part). In
total, we obtained 1,581 tetrapod-conserved ncRNA candidates.
RNAz screen. Our data thus contains at least 377 additional well-conserved ncRNA candidates
that were not detected by the earlier survey.
According to the UCSC Table Browser, at least 250 teleostean ncRNA candidates (2%) have
sequence similarity with untranslated regions (UTRs) of human protein-coding genes (5’-
UTRs: 136, 3’-UTRs: 162, some match both types). 26% (140/541) of the tetrapod-conserved
RNAz predictions cover human introns and 181 match human UTRs (5’-UTRs: 112, 3’-UTRs:
116). Due to the lack of a reliable fugu UTR annotation, we analysed the 1 kb flanking region
of the 5’ and 3’ boundaries of Ensembl’s fugu protein-coding genes. Interestingly, the 5’ flanks
(3’ flanks) contain 1,505 (1,448) RNAz hits of which 94% (93%) are potential cis-regulatory
signals of unknown function. Among the tetrapod-conserved RNAz hits, 114 candidates reside
within 1 kb up or down-stream of protein-coding genes, 61 of which are not annotatable. In
contrast, only few structured RNA candidates are conserved within invertebrate genomes, see
Tab. 2.14. Again, note that this observation is misleading because the best-conserved “house
keeping” ncRNAs, in particular tRNAs and snRNAs, were removed from the input data.
From an evolutionary perspective, the fate of duplicated ncRNA signals is of tremendous
interest. Since the ancestral vertebrate genome already went through two rounds of whole-
genome duplications, we have to expect up to eight paralogs, together with the FSGD, in
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teleost genomes. We demonstrated in previous work that duplicated miRNAs frequently have
survived genome duplication(s) [Hertel et al. 2006]. We therefore compared the RNAz pre-
dictions at sequence level and list them by their copy number in Tab. 2.15. The fraction of
predictions with more than eight copies seems to contain repetitive or pseudogenic elements
rather than correctly identified, evolutionary duplicated ncRNAs. The fraction of unanno-
tated hits grows with larger number of copies. One explanation for this observation might
be that these sequences diverged by accumulating mutations after they got duplicated but
simultaneously preserve their secondary structure. Hence, it might become more and more
difficult to reliably annotate them comparatively at the sequence level, while they still remain
detectable by algorithms that incorporate structural features, e.g. RNAz or LocARNA. The
mutual distance obtained by structure-based clustering between predicted ncRNA duplicates
increases with cluster cardinality (see supplement). This could be explained by a duplica-
tion/deletion mechanism in which cluster members are destroyed at random by mutation as
the exact copy number is not under strong selection. Comparing the number of ncRNAs that
occur at most eight times in fugu with the copy number in human, see Tab. 2.15, reveals that
in 188 cases teleosts contain more ncRNA copies than tetrapods, of which 74 are of unknown
function. In turn, tetrapods contain the higher number of copies in only 89 cases. These data
indicate that, with the notable exception of miRNAs [Hertel et al. 2006], additional copies
of ncRNAs are rarely retained in the aftermath of the fish-specific genome duplication. The
loss appears to be more extensive than for protein-coding genes where at least about 1,000
paralogs arising from the fish specific genome duplication have been reported in the genomes
of fugu and tetraodon [Jaillon et al. 2004]. It is conceivable, however, that duplicated ncRNAs
have diverged so far that they are not recognized as paralogs by Blast-based methods.
To illustrate the fate of ncRNAs subsequent to duplication in more detail, we estimated the
densities of the bivariate distribution of sequence versus structural similarity over duplicated
and randomly selected pairs of sequences, see Fig. 2.23). Duplicated loci can be assigned
to three distinct groups (Fig. 2.23-C): those, where both sequence and structure are nearly
identical (p1); a set with significant sequence divergence but negligible structural differences
(p2), and a set which largely overlaps with the background distribution (p3). The ostensible
discrepancy between the E -value of the initial Blast-search to identify duplicated pairs and
the mean pairwise identity of the ClustalW alignment used here is a consequence of scoring
differences between local and global alignments: subsequences of both loci are maintained with
high similarity (which is what Blast focuses on), whereas overall the loci may be quite highly
divergent, both in terms of sequence and structure. This might be interpreted as a process
that maintains some local functional features, presumably those that are required to determine
an RNA type, e.g. a protein binding site for a guide RNA, whereas the functional role can
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# copies 1 2 3 4 5 6 7 8 > 8
p > 0.5 10,139 573 150 82 50 39 36 34 439
Annotated 379 85 45 32 25 8 8 4 51
Unknown 9,760 488 105 50 25 31 28 30 388
Teleost-specific 8,964 409 93 48 23 30 19 30 345
In tetrapods 1,175 164 57 34 27 9 17 4 94
In human 777 103 35 25 23 8 7 4 7
Fugu > human 135 34 18 1 0 0 0 0 0
Human > fugu 81 7 0 0 0 0 1 0 0
p > 0.9 3,689 253 67 75 44 25 25 18 211
Annotated 238 68 37 34 27 6 0 2 46
Unknown 3,451 185 30 41 17 19 25 16 165
Teleost-specific 3,180 162 26 38 12 18 14 16 171
In tetrapods 509 91 41 37 32 7 11 2 40
Fugu > human 94 28 17 1 0 0 0 0 0
Human > fugu 38 1 0 0 0 0 0 0 0
Table 2.15. Distribution of paralogous fugu RNAz hits. Paralogs are obtained by Blast
searches (E < 1e− 3) of the fugu RNAz candidate sequences against themselves. They are
compared with each other to exclude likely pseudogenes. We observe 1,403 duplicated loci,
964 of which have two to eight copies. Furthermore, we provide the number of RNAz hits
conserved between fugu and human which occur more often in fugu than in human (and
the other way round). As an example, 135 ncRNA candidates, present as single copy in
human, occur more than once in fugu. Conversely, 81 candidates, not duplicated in fugu,
appear multi-copied in human.
diverge quickly upon duplication. A related behavior can be observed for duplicated miRNAs
which mainly make up for the p2 peak (see supplement). Upon duplication, miRNAs largely
maintain their precursor structure, but diverge on the sequence level — the affiliation to a
particular functional class is maintained — whereas the functional role, the target specificity,
changes. As expected, duplicated snoRNAs do not share such strict constraints, they are
found at any hotspot position of the density plots. Similarly, the non-annotatable loci appear
widely spread throughout the landscape. No other annotated classes of ncRNAs are found in
the set of duplicated pairs.
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Figure 2.23. Distribution of structure distances for duplicated and all ncRNA
candidates. The figure illustrates the density of all pairwise LocARNA distances of putatively
duplicated pairs with recognizable sequence similarity (red curve) and the background distribution
of randomly selected pairs (black curve) for all reasonable (positively scored) LocARNA alignments
(A) and the complete distribution excluding 25 outliers (B). Subsequent to duplication events, the
majority of multi-copy genes preserves its structure. However, a substantial fraction of genes
displays highly diverged structures, comparable to the distance of random pairs. (C): The bivariate
density of MPI vs. LocARNA distance of pairs of duplicated ncRNA candidates displays 3 distinct
peaks, corresponding to genes with conserved sequences and structures (p1), genes with structural
similarity and diverged sequences (p2), and genes showing a degree of divergence at sequence and
structure level (p3) comparable to the background distribution of random pairs (p4), see (D). For
(A-C) all possible pairs have been considered as background distribution. (D) includes only 150,000
randomly selected pairs to reduce the computation time for ClustalW alignments.
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Discussion. We have reported here on an unbiased survey for evolutionary conserved struc-
tured ncRNAs in the currently available genomes of teleosts. As in other metazoan animals,
we find evidence for several thousand structured RNA motifs of which only a small fraction
can be annotated. Due to the large evolutionary distances among teleosts compared to mam-
mals, our RNAz screen has a decreased sensitivity. The absolute value of 11,543 structured
elements thus cannot be fairly compared with the much larger number of predictions for
mammalian genomes.
Furthermore, the overwhelming majority of the signals is specific to teleosts, i.e., almost no
homologous sequences can be identified in invertebrates. Nevertheless, we have identified
several hundred previously unannotated candidates that are shared between teleosts and
tetrapods. Conversely, the majority of those RNAz hits that have homologous sequences in
other vertebrates can still be recognized as structured RNAs at the expanded phylogenetic
range. There is strong evidence for the existence of previously undescribed structurally defined
ncRNA families from structure-based clustering, see Fig. 2.22.
Following the FSGD, we observe that very few ncRNAs retain recognizable duplicates. In-
deed, only a small minority of structured ncRNAs appears in a copy number between 2 and
8. The overwhelming majority are single copy loci, while at the same time about 12% of the
loci are accounted for by multi-copy gene families (note that the latter number is an underes-
timate, since it excludes for instance tRNA genes). The small number of ncRNA candidates
that have two paralogs produced by the fish-specific genome duplication severely limits at-
tempts to detect structured RNAs by comparing paralogous regions of the same genome. We
have tested this in a preliminary study using paralogous sequences from the fugu genome as
input for RNAz. With this ansatz, we recovered only 283 of the 454 fugu ncRNAs known at
the time (Ensembl-45). Despite the inherent limitations of “comparative genomics with a
single genome” due to massive loss of duplicated genes, we feel that further methodological
improvements are worthwhile; these will focus in particular on increasing the sensitivity of
detecting paralogous regions. It appears therefore that with the exception of a few RNA
classes, most notably miRNAs, large-scale duplication events do not lead to a corresponding
increase in the ncRNA repertoire — at least as far as RNAs are concerned that depend on a
well-defined structure. One immediate implication is that comparative approaches within the
same genome, i.e., comparisons between paralogous regions, will have very limited sensitivity
for ncRNA discovery.
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2.6 Non-coding RNAs of the genome of Trichoplax adhaerens
Introduction. The phylum Placozoa consists of only one recognised species – the marine
dweller Trichoplax adhaerens. Extensive genetic variation between individual placozoan lin-
eages, however, suggests the existence of different species [Voigt et al. 2004]. The phylogenetic
position of the phylum Placozoa has been the subject of contention since the 19th century.
Originally, Placozoa were regarded to represent the base of Metazoa, later they were seen as
derived (secondarily reduced) with sponges being considered to be the most basal metazoans
[Syed & Schierwater 2002, Collins et al. 2005, Miller & Ball 2008]. Most recently, a basal
position among all diploblastic animals has been suggested [Schierwater et al. 2009].
Trichoplax lacks tissues, organs and any type of symmetry. It is composed of only a few
hundred to a few thousand cells. It has a simple upper and lower epithelium, which surround a
network of fiber cells, and as such has an irregular, three-layered, sandwich-type organization.
Only five different cell-types have so far been described; upper and lower epithelial cells, glands
cells, fiber cells, and a recently discovered type of small cells that are arranged as relatively
evenly spaced pattern within the marginal zone, where upper and lower epithelia meet [Jakob
et al. 2004]. It is therefore among the simplest multi-cellular organism. With 106Mb, the
nuclear genome of T. adhaerens which has recently been completely sequenced [Srivastava
et al. 2008], is among the smallest animal genomes.
Since the ncRNA complement of Placozoa has not been studied so far, we primarily reported
on a careful annotation of Trichoplax ncRNA genes that have well-described homologs in
other animals [Hertel et al. 2009]. Here, we specifically describe the computational survey for
novel ncRNA candidates.
Materials & Methods. The Triad1 assembly of the genome of Trichoplax adhaerens
[Srivastava et al. 2008] was downloaded from the website of the Joint Genome Institute∗. For
comparison, we used the the Nemve1† assembly of Nematostella vectensis [Putnam et al. 2007],
as well as the available shotgun traces of Hydra magnapapillata, Amphimedon queenslandica,
Porites lobata, Acropora millepora, and Acropora palmata (downloaded from the NCBI trace
archive).
We used Multiz [Blanchette et al. 2004] to produce a three-way alignment of Trichoplax,
Nematostella, and Hydra. Only the blocks that contained Trichoplax and at least one of
the two cnidarian species were used for further analysis. In addition, we prepared a six-way
∗http://genome.jgi-psf.org/Triad1/
†http://genome.jgi-psf.org/Nemve1/
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alignment of the basal Metazoa listed above using NcDNAlign, see section 2.8. The Trichoplax
sequence was used as reference and only alignment blocks containing at least three species
were further processed.
These two sets of input alignments were passed to the RNAz pipeline and processed in the
same way as previously described, see section 2.4 or 2.5.
Results - ab initio ncRNA prediction. In the case of Trichoplax, the use of comparative
genomics is limited by the comparably large distance to other sequenced genomes, since most
of the genome cannot be unambiguously aligned with better understood genomes. We there-
fore investigated two different genome-wide alignments. We screened all Multiz-alignment
blocks containing Trichoplax and at least one of the two cnidarians. In turn, we screened
all NcDNAlign-alignment blocks containing Trichoplax and at least two other species. As ex-
pected, the large evolutionary distances in both screens limit the sensitivity of the comparative
approach and preclude the detection of Placozoan-specific ncRNAs.
The corresponding results are compiled in Tab. 2.16. The restrictive NcDNAlign-alignments
revealed no novel ncRNAs. Of only 101 loci, 11 were identified as false positives mapping to
four different protein-coding gene families, while the remaining hits coincide with ncRNAs
that have already been identified by homology-based annotation. With the much more liberal
Multiz-alignments we obtained 3,027 RNAz hits comprising 1,416 distinct genomic loci that
show some sign of evolutionary conserved secondary structure. Of these, 382 loci correspond
to annotated ncRNAs, while 1,088 (77%) overlap known protein-coding regions or known
repetitive elements. 12 of the remaining loci are supported by ESTs and may constitute novel
ncRNAs. The remaining 193 hits contain the U3 and U17 snoRNA genes, which were found
by Blast and/or GotohScan [Hertel et al. 2009].
Figure 2.24 summarizes the distribution of the RNAz classification scores of the Multiz-based
screen. Many of the known ncRNAs appear with moderate classification probability, with
a significant enrichment observed only for scores close to one. This suggests a high FDR
of these data, which are largely based on pairwise alignments, and implies that the initial
candidates of this screen need to be post-processed with respect to gene annotation and/or
other filtering methods. Indeed, the majority of predictions — even somewhat more than the
estimated FDR — are located in protein-coding regions, see Tab. 2.16. The data nevertheless
provide at least statistical evidence for a set of about 100-200 novel structured RNA elements.
The 744 NcDNAlign alignments were analysed with RNAmicro for possible microRNAs. After
removing known ncRNAs, in particular the U5 snRNA and several hits to hairpins in the
rRNA operon, exons of annotated protein-coding genes and repetitive elements recognized
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Multiz NcDNAlign Known
Aligned DNA (nt) 4,837,148 135,140 —
Nr. of alignments 35,039 744 —
RNAz p > 0.5 1,416 101 —
FDR 56%, 797 43%, 43 —
RNAz p > 0.9 751 79 —
FDR 27%, 386 15%, 15 —
tRNAs 39 35 50+1
5S rRNA 6 8 9
rRNA operon 33+3 43 *
snRNAs 6 4 10
MRP, P, 7SL 1 0 3
Protein-coding 1,022 11 96,963
Repeat elements 66 1 —
Total annotated 1,211 101
Unannotated with EST 12 0
Without annotation 205 0
Table 2.16. RNAz screens of the Trichoplax adhaerens genome. The asterisk (*)
indicates that the rRNA operons appear as series of multiple RNAz hits. Known refers
to all ncRNAs that have been reported previously and those that have been identified by
homology search in this study.
by RepeatMasker, we retained 82 candidates. Since RNAmicro evaluates alignment and the
corresponding consensus fold, we also checked whether the Trichoplax candidate sequences
alone fold into a microRNA-like hairpin structure. 64 sequences passed this filter. Most
of these sequences appear to be repetitive, mapping to more than three distinct loci in the
Trichoplax genome, leaving 13 microRNA-like hairpins that are conserved between Trichoplax
and Nematostella. However, none of these candidates resembles any of the 40 Nematostella
vectensis or the 8 Amphimedon queenslandica microRNAs described in Grimson et al. [2008].
We thus suggest that these conserved hairpins are not microRNAs. Instead, they might
belong to a previously undescribed class of hairpin structures.
Discussion. Our computational annotation of the Trichoplax genome reveals much of the
expected ncRNA complement. Most ncRNAs are single-copy genes or appear in very small
copy numbers. This contrasts the situation in many of the higher Metazoa, for which more
detailed ncRNA annotations are available (e.g. C. elegans, see section 2.3, D. melanogaster,
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Figure 2.24. Distribution of Trichoplax RNAz classification scores. The classification
probabilities are given for true positives (RNAz hits recovering known RNAs, black), all
predictions (grey), and only those that are identified as coding or repetitive (maroon).
Note the logarithmic scale: there are more than 100 non-annotated predictions with a
classification confidence above 99%.
see section 2.4, or the Rfam-based annotation of mammalian genomes). In particular, the
small copy number of tRNAs and other Pol III transcripts (see original publication) is sur-
prising, since these genes appear in dozens or hundreds of copies in many bilaterian genomes.
While a few orthologous microRNAs — in particular the mir-100 family — are shared between
Cnidaria and Bilateria [Sempere et al. 2006, Prochnik et al. 2007], we found no trace of these
genes in Trichoplax. Neither did we find a homolog of one of the eight sponge microRNAs
[Grimson et al. 2008]. Our analysis is thus consistent with the recent report based on short
RNA sequencing [Grimson et al. 2008] that Trichoplax does not have microRNAs. Neverthe-
less, our de novo predictions of evolutionarily conserved RNAs suggest that the Trichoplax
genome may have preserved some ncRNAs characteristic to basal metazoans, such as the
handful of hairpin structures that are conserved between Trichoplax and Nematostella. We
do not know at this point, however, whether these purely computational signals are expressed
in vivo, and what their function might be.
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2.7 Limitations of sequence alignments: an RNAz screen of stra-
menopiles
Introduction. Obviously, the applicability of RNAz is limited by the quality of the input
alignments, so that highly conserved structures from distant organisms might still be de-
tectable. As an example of an RNAz screen of phylogenetically very distant organisms, we
summarize a survey of the three currently available stramenopile genomes.
Heterokonts, or stramenopiles, form a major clade within the eukaryote kingdom chromista,
see e.g. [Yoon et al. 2002]. Most are algae, ranging from the giant multi-cellular kelp to the
unicellular diatoms. However, some are colorless and superficially resemble fungi.
Materials & Methods. Three complete genomes have been sequenced: data are available
for two closely related oomycetes Phytophthora sojae∗, Phytophthora ramorum† [Gajendran
et al. 2006], and the diatom Thalassiosira pseudonana‡ [Armbrust et al. 2004].
In the first step an annotation track for P. sojae was constructed by mapping the available
mRNA and protein sequences back to the genome using blat [Kent 2002]. Using Blast
(E < 10−10), all non-protein-coding loci were compared to the entire Phytophthora ramorum
genome. This leaves 149,375 consistently conserved loci with an average length of 195 nt.
Since the two phytophthora sequences are too similar, we estimate an unacceptably high false
discovery rate for the pairwise RNAz screen. We therefore compare these loci to the much more
distant diatom T. pseudonana and obtain 903 homologous non-coding loci with an average
length of about 80 nt. We re-aligned the blast-hits using ClustalW and screened them using
RNAz.
Results. The results for the RNAz screen are summarized in Table 2.17. The 115 RNAz slices
that are classified with p > 0.5 map to only 44 distinct loci in the P. sojae genome. 20 of
these can be identified as tRNA genes. A comparison with the updated annotation at the
JGI P. sojae site shows that the remaining loci map to protein-coding regions. Given the
data in Table 2.17, we expect a substantial FDR. However, there is growing evidence for
evolutionarily conserved secondary structure also within the coding parts of mRNAs [Steigele
et al. 2007, Meyer & Miklo´s 2005], so it might be hypothesized that some of these signals
could well be real.
∗http://genome.jgi-psf.org/sojae1/sojae1.home.html
†http://genome.jgi-psf.org/ramorum1/ramorum1.home.html
‡http://genome.jgi-psf.org/thaps1/thaps1.home.html
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Threshold
p > 0.50 p > 0.90 p > 0.98 p > 0.99
Specificity 0.9861 0.9949 0.9985 0.9996
RNAz hits 115 60 42 35
In randomized alignments 37 14 4 1
FDR 32% 23% 10% 3%
Distinct loci (P. sojae) 44 17 12 11
Table 2.17. Summary of the RNAz screen of stramenopiles.
Due to the high degree of sequence divergence most of the known ncRNAs do not lead to
significant alignments of sufficient length between P. sojae and T. pseudonana. This set
includes about 60 loci in the P. sojae genome that can be identified by comparison with the
NONCODE database. Among them are 13 U2, 30 U4, 1 U5, 1 U6 snRNA, and 1 SRP RNA.
In addition, tRNAscan-SE predicts 235 tRNA loci.
The low sensitivity of the screen on this data set highlights the limitations of approaches
that are based on sequence alignments. With genome sizes of 33-87Mb, using a structural
alignment approach requires excessive computational resources. As more sequenced genomes
become available, however, the scope of sequence-alignment based methods expands for two
reasons: (1) The specificity of methods such as RNAz increases dramatically with the number
of aligned sequences. (2) Additional genomes in a suitable evolutionary distance from the
currently available ones can give very good results already from pairwise comparisons as
demonstrated in the case of ascidians [Missal et al. 2005] and nematodes [Missal et al. 2006].
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2.8 NcDNAlign: plausible multiple alignments of non-protein-
coding genomic sequences
Introduction
It has become clear that the quality of the input alignments is a limiting factor for sensitivity
and specificity of ncRNA detection. Thus, we consolidate our experiences gained throughout
the previously described ncRNA surveys to implement a light-weight genome-wide alignment
approach: NcDNAlign.
The construction of genome-scale alignments is the first crucial step in many comparative
genomic applications. Certain questions can be treated based on pairwise alignments. How-
ever, an increasing number of analysis pipelines depends on multiple sequence alignments
(MSAs), or at least profits profoundly from the additional information contained in MSAs.
Examples include the analysis of evolutionary constraint [Cooper et al. 2005], the discovery
and assessment of functional, and in particular regulatory, sequences [Boffelli et al. 2003, Di-
eterich et al. 2003; 2005, Prabhakar et al. 2006], the prediction of protein-coding genes [Gross
& Brent 2006], and de novo searches for non-coding structured RNAs, e.g. [Washietl et al.
2005a, Pedersen et al. 2006].
Several software packages have been developed for generating genome-wide MSAs — a task
that necessarily needs to be automated to a large extent because of the sheer amount of
data: CHAOS [Brudno et al. 2003a], Pecan [Paten et al. 2009], MAVID [Bray & Pachter 2004],
MLAGAN [Brudno et al. 2003b], Mulan [Ovcharenko et al. 2005], and the TBA/Multiz approach
[Blanchette et al. 2004] are probably the most commonly used tools for this task. Each comes
with its specific advantages and disadvantages, and most tools were designed with a specific
set of applications in mind. Many of them, e.g. Pecan or TBA, rely on exonic anchors guiding
the alignment process. Note, that we use the term TBA generically for all combinations of
blastz and Multiz variants in the following. Recall section 1.3.1 for an introduction to
sequence alignment. For recent reviews on the genomic multiple alignment problem we refer
to [Dewey & Pachter 2006, Kumar & Filipski 2007].
As genomic sequence data become available at an ever-increasing rate (the ENCODE project,
for example, considers 22 vertebrate genomes [ENCODE Project Consortium 2004]), the con-
struction of genome-wide MSAs tends to become the computational bottleneck often requiring
large computer clusters [Schwartz et al. 2003]. The necessary computational resource require-
ments are often prohibitive in practice, at least for exploratory studies and for repeating
earlier analysis when updated or additional genomic sequences become available.
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Here, we describe the light-weight but flexible multiple analysis pipeline NcDNAlign. Our ap-
proach is specifically geared towards constructing MSAs of non-repetitive non-protein-coding
genomic DNA. We demonstrate the applicability of NcDNAlign to both prokaryotic and eu-
karyotic genomes. As examples, we compute alignments of several bacterial groups, of five
nematode, and four teleost fish genomes.
Ultra-conserved elements (UCRs) are genomic regions which are shared between several
species with 100% sequence identity. UCRs particularly have been studied in vertebrates
[Bejerano et al. 2004b, Sandelin et al. 2004, Gardiner et al. 2006] and insects [Siepel et al.
2005, Glazov et al. 2005, Tran et al. 2006]. This unexpectedly [Gaffney & Keightley 2004]
high level of sequence conservation implies that they are most likely a result of strongly con-
straining, stabilizing selection due to their functional importance [Katzman et al. 2007]. In
[Feng et al. 2006] an example is described in which multiple distinct functional constraints
prevent the accumulation of substitutions. In general, however, the detailed function of UCRs
remains mysterious even though functional studies associated them primarily with binding
sites for regulatory factors, RNA processing, and the regulation of transcription and devel-
opment [Derti et al. 2006]. As an exemplary application of NcDNAlign, we investigate the
fate of conserved non-coding DNA in general and UCRs in particular in the aftermath of the
teleostean genome duplication.
The purpose of NcDNAlign is to provide a user-friendly and efficient method for generating
MSAs of genomic DNA. Thereby, the term “user-friendly” unites usability, flexibility, and
scalability. As a major design feature, NcDNAlign can a priori restrict the alignment process to
a user-defined subset of annotation features, e.g. to introns, or exclude a subset of annotation
features from the alignment process. This makes NcDNAlign particularly suitable for quick
“pilot-studies” in numerous applications. The second design goal of NcDNAlign is to produce
alignments that can be directly used as input data for a particular subsequent application, e.g.
ncRNA gene finding. Other approaches like TBA provide alignments with a maximal coverage
of the input genomes which typically involves extensive post-processing of the alignments prior
to e.g. an application of RNAz. NcDNAlign, in contrast, is geared towards solely calculating
alignments which are sufficiently reliable – where the meaning of reliable can be defined
in a configuration file – for a particular application. This implies that, compared to TBA,
NcDNAlign can rely on less sensitive tools for identifying homologous sequences and that the
amount of data that has to be processed is significantly reduced, both resulting in considerable
reduction of the computational effort. Thereby, multiple vertebrate genomes can be analyzed
in principle on one single small computer, rather than a huge parallel computing cluster as
used a few years ago for the first genome-wide human-mouse alignments [Schwartz et al. 2003].
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Figure 2.25. Workflow of NcDNAlign. 1) One species out of all given genomic sequences has
to be selected as reference. 2) Optionally, sequences are pruned of potentially interfering
or uninteresting sequence stretches, reducing the data set to genomic sub-sequences. 3)
All sub-sequences of the reference are compared to all sub-sequences of all other species
and local alignments are calculated heuristically (Blast). 4) Adjacent compatible hits
are combined. 5) The best hits (E-value) of each organism for each sub-sequence of the
reference are aligned (DIALIGN). 6) Finally, the alignments are pruned, poorly aligned
sequences are removed, and the remaining sequences are optionally realigned to obtain an
optimal alignment.
Results
NcDNAlign is implemented as a Perl-pipeline that connects external programs and several
custom tools. The overall layout is summarized in Fig. 2.25. Algorithmic details are discussed
in section 2.8.
One of the input genomes has to be declared as the reference for the NcDNAlign pipeline. In
the first step, subsets of the genomic input sequences are compiled, based on user-defined rules
allowing the in- or exclusion of certain annotated genomic features from the analysis. The
resulting sequence fragments and all stretches of the reference genome are aligned to all other
genomic sequences using blastn. This is in contrast to TBA, which uses the more sensitive
blastz to compare all versus all sequences. Consistent adjacent hits are combined into an
MSA using a maximum clique approach, see section 2.1.2. These correspond with the term
“blocks” of the TBA vocabulary. If desired, flanking sequences can be incorporated to each
of the initial Blast hits. Empirically, we found that these first-stage MSAs tend to include
many gap-rich regions or individual non-related sequences. We therefore developed heuristics
to trim the alignments and to discard poorly aligned sequences. Finally, these sequences can
be re-aligned using ClustalW to obtain an optimal global alignment.
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In the following, we briefly outline three example-applications of NcDNAlign. Using a single
computer (standard hardware, Intel Xeon 2.80GHz CPU, 1GB RAM), obviously depending
on particular genome numbers, genome sizes, and applied parameters, NcDNAlign generates
some hundred bacterial alignments from 24Mb genomic sequence data in a few minutes,
∼49,300 nematode alignments from 753Mb in 2-3 days, and ∼63,500 teleostean alignments
from 3.4Gb input in 2-3 weeks. Applying NcDNAlign to the genomes of nine nematode draft
genomes (6.7Gb input, results are discussed at [Rose et al. 2008]) shows that the pipeline
is also capable of handling mammalian sized problems. The computation takes 2-3 weeks
depending on parameters. Figure 2.26 illustrates the CPU-time necessary to align these three
exemplary sets. Compared to TBA, NcDNAlign is 20-30 fold faster in bacteria. In the teleost
and the nine nematode examples, TBA has been terminated after exceeding the total run-time
of NcDNAlign two-fold, in both cases the blastz phase was still ongoing.
Estimates of alignment quality. We monitor the efficiency and trade-off of NcDNAlign’s
alignment beautification heuristics by comparing quality and coverage of TBA and NcDNAlign
alignments. We analyze alignments of bacterial genomes which are aimed at ncRNA gene
finding. Unfortunately, there is no well established benchmark for the performance of ge-
nomic alignment tools. Approaches like BAliBASE [Thompson et al. 1999b] or BRAliBase
II [Gardner et al. 2005] are of limited use as they only reflect the MSA step. In addition
to coverage and the fraction of gaps in the alignments, which is important for ncRNA gene
finding, we use a simple Sum-of-Pairs score, to asses alignment quality:
σ =
1
n− 1
∑
x,y∈A
1
`(A)
`(A)∑
i=1
δ(xi, yi) (2.6)
where δ(p, q) is Kronecker’s delta and `(A) denotes the length of the alignment A. We measure
the quality of an entire genomic alignment as the length-weighted average (further referred to
as WSoP =Weighted Sum-of-Pairs) of all individual local multiple sequence alignments. As
expected, we find a reduced coverage of the reference genome in NcDNAlign compared with
TBA-alignments (Tab. 2.19), but with the benefit of significantly longer alignments, a reduced
fraction of gaps, and an overall slightly improved WSoP score. Tab. 2.18 shows results of
NcDNAlign using four different sets of parameters (the modified Blast parameters are given in
section 2.8). In total, TBA aligns more nucleotides than NcDNAlign but the aligned reference
sequence contains significantly more gaps. WSoP scores are largely comparable for both
programs with a slight advantage for NcDNAlign. Our approach is more efficient in terms
of run-time and significantly outperforms TBA, independent of applied parameters. Overall,
NcDNAlign efficiently generates long and gap-reduced alignments compared with TBA.
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Figure 2.26. Benchmark of NcDNAlign. The figure illustrates the CPU-time in percent-
ages (depicted individual numbers are minutes) necessary to align five different sets of
bacterial, teleostean, and nematode genomic sequences for each step of the NcDNAlign
pipeline using a single CPU. The bacterial screen aligned 24Mb of sequence data com-
prising six genomes. Teleosts: we aligned (a) all five teleosts (3.4Gb) and (b) all teleosts
except Danio (1..9Gb), the largest and most distantly related genome. In the latter case
protein-coding regions and repeats were additionally excluded. Nematodes: we aligned (a)
the five nematodes (753Mb) available at the UCSC Genome Browser and (b) a set of nine
nematodes (6.7Gb), represented by several draft assemblies provided by the NCBI trace
repository (ftp: // ftp. ncbi.nih. gov/ pub/TraceDB/ ). The blastn searches (blue,
getGwAln.pl) are obviously the most time-consuming step for huge, repeat-interspersed
data sets (e.g. unfinished draft assemblies). blastn is faster when processing well format-
ted (e.g. repeat-masked), high-quality assemblies. In that case the computation of MSAs
(yellow, realign.pl), especially for closely related and hence well aligning organisms,
might represent the most time-consuming step. Measured run-times are subject to indi-
vidually chosen program-parameters and particular environmental conditions, like system
load and network traffic and should be considered with caution. Screens labeled with arrows
are discussed in more detail in the main text.
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NcDNAlign TBA
Blast parameters default Blast modified Blast default
Flanking regions yes no yes no n.a.
# alignments 169 169 542 499 1,347
aln.-length 35,576 29,784 132,761 116,484 247,056
mean length 211 176 245 233 183
mean # seqs 4.11 3.85 3.65 3.56 3.27
#gaps 425 191 2,867 2,024 10,562
#gaps / column 0.0119 0.0064 0.0216 0.0174 0.0427
WSoP 3.1089 3.1416 2.7082 2.7719 2.6464
Elapsed CPU-time (min) 15.68 14.35 29.27 27.52 548.36
Table 2.18. Comparison of bacterial alignments produced by NcDNAlign and TBA.
Prediction of novel bacterial structured ncRNAs. Both EvoFold and RNAz, two
widely used approaches to the prediction of ncRNAs in regions conserved at the sequence
level, rely on high-quality MSAs as input data. As a showcase application to compare TBA
and NcDNAlign, we predict bacterial ncRNAs using RNAz. We did this for two reasons: (i)
Alignments of bacterial genomes pose a sufficiently compact problem, allowing experimenta-
tion with different alignment parameter sets and an easy comparison with the computationally
demanding TBA approach. (ii) Computational studies of bacterial ncRNA prediction are of
wide interest [Rivas et al. 2001, Saetrom et al. 2005, Axmann et al. 2005, Wang et al. 2006,
Yachie et al. 2006]. To date, there is only one published application of RNAz to bacteria
[Del Val et al. 2007]. Hence, we explored several bacterial families with qualitatively similar
results in comparison to TBA. Here, we report on a screen in gammaproteobacteria using the
well-annotated reference organism Escherichia coli, allowing us to reliably estimate sensitivity
values of the compared methods.
NcDNAlign and TBA were applied to the genomic sequences of E. coli (NC 007146, 4.7Mb),
Haemophilus influenzae (NC 000913, 1.9Mb), Legionella pneumophila (NC 002942, 3.3Mb),
Salmonella typhimurium (NC 003197, 4.9Mb), Shigella flexneri (NC 004741, 4.6Mb), and
Yersinia pestis (NC 004088, 4.6Mb). Configured to remove annotated coding and repetitive
sequences, NcDNAlign yields between 169 (standard Blast parameters) and 542 (using flank-
ing regions and adapted Blast parameters) alignments, covering 0.6 and 2.7% of the aligned
reference genomes, respectively (Tab. 2.19-b). In contrast, while processing exactly the same
input sequences (whole genome minus coding sequences and repeats), TBA yields the consid-
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erably larger number of 1,437 alignments, corresponding to 5.1% of the E. coli genome. For
the sake of comparison, we only consider TBA alignments that match the NcDNAlign require-
ments of a minimal alignment length of 40 nt, at least three sequences per alignment, and the
inclusion of the reference organism in the alignment. The vast majority of alignments pro-
duced by NcDNAlign is also included in the TBA-alignments, albeit with different boundaries
(e.g. 479 out of 542 NcDNAlign-alignments overlap with TBA-alignments for at least 70% of
the nucleotides in the shorter alignment). Although both programs have processed the same
E. coli sequences (588,542 bp), TBA requires 20 to 30-fold more CPU-time than NcDNAlign
to generate these alignments – 548 minutes versus 16 (standard parameters) and 29 (using
flanking regions and adapted Blast parameters) minutes. This corresponds to a performance
of 451 nt per minute for TBA and 4,578 nt per minute for NcDNAlign (Tab. 2.19-A). Thereby,
TBA produces roughly 2.5 fold more alignments than NcDNAlign (Tab. 2.19-B). In line with the
number of retrieved alignments, TBA-alignments yield 658 (488) RNAz hits at a prediction score
threshold of p > 0.5 (p > 0.9) as opposed to 339 (280) for NcDNAlign (Tab. 2.19-C). A Blast
search (E ≤ 1e− 5) reveals that 123 of our and only 118 of the TBA hits match Rfam entries.
Furthermore, 25 NcDNAlign-prepared vs. 24 TBA-prepared RNAz hits align with NONCODE
entries, and 28 NcDNAlign-prepared vs. 31 TBA-prepared RNAz hits align with ncRNAdb se-
quences. Saetrom et al. [2005] published 156 E. coli ncRNAs, of which we recovered 74% by
RNAz on NcDNAlign-alignments (114/154 ncRNAs by 178 RNAz hits). In contrast, only 56%
of Saetrom’s ncRNAs are identified in TBA-alignments (88/156 ncRNAs by 152 RNAz hits).
False discovery rates, measured as the number of positive RNAz predictions in column-wise
shuffled alignments over positive predictions in the normal data set, are comparable for both
approaches (0.25 for TBA versus 0.24 – 0.33 for NcDNAlign). Irrespective of the number of
RNAz hits, the overall sensitivity of both methods for detecting known RNA genes is almost
equal – 0.60 for NcDNAlign versus 0.59 for TBA (Tab. 2.19-D).
Non-coding ultra-conserved regions in nematode genomes In vertebrates and in-
sects ultra-conserved regions have been studied in great detail in multi-way alignments. In a
first pilot-study Siepel et al. [2005] analysed UCRs in nematodes based on pairwise alignments
only. Recently, Vavouri et al. [2007] retrieved 990 conserved non-coding elements (CNEs) from
consecutive pairwise alignments of three nematodes using megablast. The UCSC Genome
Browser provides access to TBA/Multiz-generated MSAs of five nematodes∗: C. elegans (ce4),
C. brenneri (caePb1), C. remanei (caeRem2), C. briggsae (cb3), and P. pacificus (priPac1).
We applied NcDNAlign to set up MSAs of these nematodes using the corresponding repeat-
masked genomes. Thereby, we found ∼49,300 local alignments (≥3-way) which cover ∼9Mb
∗http://hgdownload.cse.ucsc.edu/goldenPath/ce4/multiz5way/
91
2. Prediction of short non-coding RNAs
NcDNAlign TBA
Blast parameters default modified default
Flanking regions yes no yes no n.a.
(1) (2) (3) (4) (5)
(A) CPU-time
Total (min) 15.68 14.35 29.27 27.52 548.36
(B) Alignments
No. alignments 169 169 542 499 1347
No. overlapping alignments 155 483 479
Total aligned nucleotides 35,153 29,596 125,907 113,829 235,986
% of E. coli genome 0.76% 0.64% 2.71% 2.45% 5.09%
(C) RNAz
No. hits 126 122 339 300 658
Overlap 99 280 260
Overall length of hits 25,100 20,618 94,995 80,680 92,888
Mean length of hits 199 169 280 269 141
FDR 0.32 0.33 0.25 0.24 0.25
No. annotatable hits 102 (0.80) 98 (0.80) 212 (0.62) 189 (0.63) 469 (0.71)
Nr. non-annotable hits 24 (0.19) 24 (0.19) 127 (0.37) 111 (0.37) 189 (0.29)
(D) Sensitivity
rRNA, 22 annotations 10 (0.46) 9 (0.41) 14 (0.64) 14 (0.64) 14 (0.64)
tRNA, 86 annotations 55 (0.64) 61 (0.71) 62 (0.72) 62 (0.72) 56 (0.65)
Misc. RNA, 49 annotations 5 (0.10) 6 (0.12) 18 (0.37) 16 (0.33) 23 (0.47)
Overall, 157 annotations 70 (0.46) 76 (0.50) 94 (0.60) 92 (0.59) 93 (0.59)
Table 2.19. Performance of ncRNA screens in gammaproteobacteria based on
NcDNAlign and TBA alignments. Numbers of overlapping alignments, resp. overlapping
RNAz predictions, refer (from the left to the right) to pairwise comparisons of the screens:
(1) versus (2), (3) versus (4), (3) versus (5).
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of the C. elegans genome, whereas the given TBA counterpart comprised more than 49Mb.
We analyzed ultra-conserved sub-sequences of different lengths (≥ 50, 100, 200 nt) displaying
100% sequence identity in at least three, four, or five species. Note that this definition
differs from the one used by Bejerano et al. [2004b] where only 3-way alignments and UCRs
of at least 200 nt have been considered. Table 2.20-A illustrates the number of observed
UCRs for the NcDNAlign vs. the TBA algorithm at different length thresholds. We obtained
530 UCRs in NcDNAlign-alignments which sum up to ∼37 kb and vary from 50 to 232 nt
in length (average UCR length: 66 nt). In contrast, we identify 333 UCRs in ≥3-way TBA-
alignments, of which 321 loci (96%) are also present in the NcDNAlign-alignments. Both
sets have 267 (81%) UCRs in common. In 60 cases the competing algorithms chose different
subject paralogs to build the MSA, preventing the alignment from displaying 100% sequence
identity. Of these 60 cases, 37 are due to inconsistent repeat annotation where ’N’-masked
nucleotides appear in our genome version. This prevented the production of an alignment
by NcDNAlign. In contrast, TBA blocks contain the unmasked stretch. Several UCRs are
separated by only a few relatively unconserved sites indicating that these ultra-conserved
sequences belong to larger elements. A comparison of predicted C. elegansultra-conserved
loci with the current WormBase annotation and three other publicly accessible databases
(E < 1e − 3) is summarized in Tab. 2.20-B and 2.20-C. Generally, ncDNA evolves quickly
and accumulates mutations. Nevertheless, our alignments contain numerous ultra-conserved
non-coding regions, of which a significant fraction covers already annotated ncRNAs.
We found that nearly 25% of the UCRs lack any annotation and are of unknown function.
119 UCRs are shared with the CNE set of Vavouri et al. [2007] and 89 are homologous to
D. melanogaster UCRs Glazov et al. [2005]. However, there is no sequence similarity between
our nematode UCRs and the vertebrate set of Bejerano et al. [2004b] (blastn, E ≤ 1e− 3).
Computing CNEs as a less stringent set of conserved elements, featuring a 100% conserved
stretch of ≥ 30 nt in all possible 3- to 5-way alignments, yields 4,479 items. 1,170 of them have
blastn hits (E ≤ 1e − 3) with Vavouris’ CNEs, 238 with Glazov’s, and five show sequence
similarity with Bejerano’s UCRs. Vavouris’ and our set of conserved elements are quite similar
but obviously not identical due to the use of different genome assemblies in which annotation
tracks have changed. Also, Vavouri et al. removed a substantial number of annotatable
elements from their CNE set which we retained (e.g. protein-coding regions or RNA genes).
This example shows that NcDNAlign can be used to quickly (2-3 days on a single machine,
particularly faster if distributed) and reliably produce large-scale genomic alignments. Novel
evolutionary insights of nematode conservation patterns were obtained, since our approach
identified UCRs that were not present in existing alignments. It must be emphasized that,
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(A) Overall number of UCRs Overall length of UCRs [nt]
Min. UCR length [nt] 50 100 200 50 100 200
NcDNAlign 530 4 2 32,908 655 438
TBA 337 2 1 20,509 308 206
Overlap 267 2 1 16,379 308 206
(B) Rfam NONCODE ncRNAdb WormBase
NcDNAlign 107 60 31 405
TBA 40 22 12 240
Overlap 27 17 9 184
(C) CDS intron 5’-UTR 3’-UTR ncRNA rRNA tRNA miRNA
NcDNAlign 207 195 38 9 140 1 64 2
TBA 109 132 22 6 81 0 30 2
Overlap 87 103 17 2 56 0 15 2
Table 2.20. Summary of nematode UCRs. We (A) tabulate the number of UCRs
identified in NcDNAlign- and TBA-alignments and (B) provide an overview of the number
of UCRs that can be annotated according to four public ncRNA databases. (C) Annotation
of ultra-conserved genomic loci according to WormBase-180.
whereas a computer cluster of 1,024 nodes (866MHz) had been applied for 481 days to
generate pairwise alignments [Schwartz et al. 2003], our whole analysis can be done on one
single workstation (Intel Xeon 2.80GHz CPU, 1GB RAM) in less than three days. Hence,
the term quick indeed is appropriately used in this context.
Non-coding ultra-conserved regions in teleostean genomes. The evolution of con-
served non-coding elements in vertebrates has been discussed in detail in several studies, see
e.g. [Dermitzakis et al. 2003, Ovcharenko et al. 2004, Woolfe et al. 2005, McEwen et al.
2006]. A system to study the effect of a whole-genome duplication (WGD) on non-coding
DNA are teleost fishes, which have undergone an additional genome duplication relative to
the ancestral gnathostome at least 300 million years ago [Amores et al. 1998, Taylor et al.
2003, Meyer & de Peer 2005, Crow et al. 2006]. Generally, duplications are believed to have
provided raw genetic material for selection to act upon. Compared to other vertebrates, such
as mammals or zebrafish, the fugu and tetraodon genomes have a significantly reduced frac-
tion of duplications due to transposon activity [Xie et al. 2006]. In addition to the large-scale
duplication(s), a considerable fraction of multi-copy vertebrate CNEs owes its existence to
the activity of transposable elements [Nishihara et al. 2006].
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In contrast to prior studies of teleostean CNEs [Woolfe et al. 2007] which used fairly loose
requirements for sequence conservation (≥ 65%), we focus here on ultra-conserved elements
which we define as having 100% sequence identity among aligned sub-sequences with a length
≥ 50nt. Using NcDNAlign, we aligned non-coding regions of the five teleosts T. rubripes
(FUGU 4.0, 393Mb), T. nigroviridis (TETRAODON 7, 342Mb), G. aculeatus (BROAD S1,
447Mb), O. latipes (HdrR, 700Mb), and D. rerio (Zv7, 1,527Mb) (all genomes are available
at the Ensembl database∗) and parsed the resulting alignments for the existence of UCRs.
We found ∼66,400 alignments containing at least three euteleost species. These alignments
comprise 10.6Mb of fugu’s genomic sequence having a mean pairwise identity of 78%. Among
them, we identified 2,377 UCRs covering 158 kb of the fugu genome with an average length `
of 66 nt (`max=236 nt).
A Blast search of the teleostean UCRs against several vertebrate and invertebrate genomes,
see Fig. 2.27, confirms prior findings that vertebrate CNEs are largely absent in invertebrates
[Woolfe et al. 2005] and reveals 1,173 teleost-specific UCRs. Blast searches (E ≤ 1e − 3)
against the sets of orthologous CNEs of the CONDOR database † confirm our finding that
a considerable fraction of UCRs is teleost-specific, see supplement. 810 UCRs are conserved
between the genomes of fugu and human. 91 coincide with vertebrate UCRs of Bejerano et al.
[2004b] (481 elements) and 26 match Drosophila UCRs that are associated with Homothorax
mRNA splicing [Glazov et al. 2005].
To resolve putative duplication events we searched for paralogous sequences of our UCRs in
the fugu genome using Blast (E ≤ 1e − 6). In principle, it is possible to obtain up to eight
copies (23) for an ancient sub-sequence, since two rounds of whole-genome duplications are
known at the root of the vertebrate lineage and a third within the teleosts [Amores et al.
1998, Holland et al. 1994, Spring 2002, Christoffels et al. 2004, Hoegg et al. 2004, Dehal &
Boore 2005, Hurley et al. 2007]. 152 UCRs appear more than once in fugu, see Tab. 2.21. The
table illustrates the distribution of teleostean UCRs according to their copy number in fugu
and tetrapods (human, chicken, frog). For example, 2,225 UCRs reside as a single element
in fugu but only 377 of them are singly present at tetrapods. 1,218 teleost-specific UCRs do
not have an obvious counterpart in tetrapods but 1,066 still exist as single elements in either
human, chicken, or frog. Many UCRs are still present in Danio or zebrafish (101), and in the
non-duplicated out-groups: shark (60), frog (73), chicken (80) and human (83).
∗http://www.ensembl.org
†http://condor.fugu.biology.qmul.ac.uk/
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Figure 2.27. Evolutionary distribution of teleostean UCRs. We performed Blast
searches of our 2,377 teleostean UCRs against several other species. UCRs are well con-
served throughout vertebrates but are largely absent in invertebrate lineages. Overall, 1,204
(51%) of them are found in non-teleostean outgroups and thus 1,173 (49%) UCRs seem
to be teleostean-specific. We did not require 100% sequence identity outside the euteleosts,
just a significant Blast HSP (E ≤ 1e − 3). Bold numbers indicate the amount of con-
served UCRs, sub-scripted numbers denote the number of Blast hits. Divergence times
are taken from [Kumar & Hedges 1998, Prince & Pickett 2002, Blair & Hedges 2005].
Methods – the NcDNAlign workflow
NcDNAlign is a pipeline that consists of the following five Perl programs
1. ncDNAlign.1.cutSequences.pl
2. ncDNAlign.2.getGwAln.pl
3. ncDNAlign.3.mergeGwAln.pl
4. ncDNAlign.4.realign.pl
5. ncDNAlign.5.trimAln.pl
which are described below. In addition it calls the external alignment programs Blast,
DIALIGN, and (optionally) ClustalW.
As worst case scenarios, the big-O asymptotic time complexity of these five scripts is given
as a function of the sequence length ` and the number of sequences n:
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UCR copy number in fugu
All 1× 2× 3× 4× >4×
Teleostean UCRs 2,377 2,225 118 27 4 3
Absent in tetrapods 1,218 1,159 46 12 0 1
Present in tetrapods 1,159 1,066 72 15 4 2
1× 386 377 8 1 0 0
2× 208 196 11 1 0 0
3× 340 311 21 6 0 2
4× 116 108 8 0 0 0
>4× 109 74 24 7 4 0
Table 2.21. Evolutionary conservation of duplicated teleostean UCRs.
ncDNAlign.1.cutSequences.pl processes each genome exactly once and therefore runs in
O(n·`). ncDNAlign.2.getGwAln.pl performs n−1 pairwise Blast searches and therefore be-
longs to O(n− 1 · `2). ncDNAlign.3.mergeGwAln.pl uses cliquer [O¨sterg˚ard 2002] to solve
the NP-hard problem of finding maximal cliques with branch-and-bound strategies. Gen-
erally, maximal cliques can be found most efficiently using Union-Find-Algorithms which
belong to O(k + ` log `), where k is the number of Union-Find operations on ` elements.
ncDNAlign.4.realign.pl applies DIALIGN which originally required O(n3), but current im-
plementations tend to O(n2) with some additional filtering steps of O(n·`).
ncDNAlign.5.trimAln.pl requires O(n·`) for beautification filters and the optional ClustalW
step needs O(n4 + `2), where creating distance matrices needs O(n2·`2), neighbor-joining is
O(n4), and progressive alignment takes O(n3 + n·`2). According to the big-O notation, the
most expensive step of the NcDNAlign pipeline is ClustalW. However, ClustalW will typi-
cally process only a small fraction of the input data set. In contrast, Blast is applied to
all input data (minus excised annotations). Benchmarking revealed that this is the most
time-consuming step and can be used as an upper bound for time complexity, see Fig. 2.26.
Extracting genomic sub-sequences (ncDNAlign.1.cutSequences.pl). The pipeline re-
quires genomic sequence data (Fasta, GenBank format) from a group of related species as
input. Regions that are not of interest for a particular application, e.g. coding sequences
in the context of an ncRNA search, can be excised provided they are annotated in the in-
put GenBank files. This results in a Fasta formatted file that either contains sub-sequences
(GenBank) or the complete genomic sequence with adjusted header information. Removing
uninteresting parts of the genomic DNA at this stage speeds up both the initial Blast searches
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and all further alignment procedures due to shorter input sequences. It may also improve the
final results as it reduces the number of spurious alignments.
Genome-wide alignments (ncDNAlign.2.getGwAln.pl). Next, each sequence-block of
the reference is pairwisely aligned against all other sequences of all other given species. The
processed sequences can be small stretches of DNA as a result of excising certain loci (see
ncDNAlign.1.cutSequences.pl), complete chromosomes, or whole genomes. Only those
Blast results are analysed where E -value and length of hit satisfy the conditions specified
in the configuration file. Only the best hit in each species for each query is retained for
further processing. For studies of non-coding DNA, we recommend the use of a modified set
of parameters for the Blast search that is optimized for non-protein-coding sequences (-r 5
-q -4 -G 10 -E 6)∗. The effects of using these non-standard Blast parameters are shown
and discussed in Tab 2.18 and 2.19.
Combining adjacent neighbors (ncDNAlign.3.mergeGwAln.pl). Structured RNA se-
quences are often less conserved in regions without base pair interactions. This may cause
Blast to identify two short hits rather than a single long one. Therefore, we try to combine
these individual local alignments into a single larger one. Due to rearrangement, deletion and
duplication events during evolution, not all single local alignments lead to consistent global
alignments, see section 2.1.2 for a detailed description of the associated technical issues. We
combine consistent hits in close proximity (maximal distance 30 nt) similar to Blast High
Scoring Sequence Pairs (HSPs). In brief, the merging algorithm first computes a consistency
graph whose vertices are the individual Blast-alignments and edges connect consistent pairs
of local alignments. The maximal cliques in this graph define sets of compatible pairwise
alignments that can be combined.
Initial multiple sequence alignments (ncDNAlign.4.realign.pl). Most algorithms for
generating MSAs adhere to the progressive alignment paradigm, i.e. MSAs are built incre-
mentally from pairwise alignments. We follow this strategy by grouping the corresponding
Blast HSPs. Thus, all HSPs are sorted by their loci in the reference genome. The “best”
subject regarding the E -value is selected for each locus. Global alignment methods typically
outperform local alignment approaches whenever the input sequences are related over their
entire length [Thompson et al. 1999a]. Local methods, on the other hand, are superior in mul-
tiple domain cases where sequence identity is low and the sequences tend to share common
∗http://stevemount.outfoxing.com/Posting0004.html
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Figure 2.28. MSAs are set up by grouping heuristic pairwise alignments. Starting
from tabular Blast output, HSPs are sorted by query position and one “best” represen-
tative is chosen. All Blast hits corresponding to subject sequences participating in an
alignment have to overlap in their query coordinates.
motifs only [Lassmann & Sonnhammer 2002]. Hence, we strongly recommend to use DIALIGN
[Morgenstern 1999] for the realignment of HSPs to avoid a destruction of the alignment of
pairwise grouped and mostly independent HSPs. The DIALIGN algorithm can be applied
to both globally and locally related sequence sets. This indeed constitutes the missing link
between locality of HSPs and an accurate alignment of globally similar sequences.
Figure 2.28 illustrates the procedure for constructing a MSA from pairwise Blast HSPs.
In order to filter the results, the minimal number of sequences and minimal length of the
alignment can be specified in the configuration file while the maximal number of sequences
is, of course, the number of species in the screen. Optionally, Blast results can be extended
up- and downstream by a user-defined number of nucleotides to compensate for possible
shortcomings in the original Blast alignments.
Beautifying multiple alignments (ncDNAlign.5.trimAln.pl). Irrespective of the ap-
plied alignment algorithm, the initial MSAs are not of high quality with respect to large
variations in sequence lengths due to the underlying pairwise alignments. We have therefore
developed a beautification procedure that trims the alignments to be in conformity with our
definition of high-quality alignments. Figure 2.29 provides an overview of this work flow.
Dialign2-2 returns a Sum-of-Weight-score indicating the degree of local similarity among
sequences for each alignment column. We use blocks with a minimal number of columns with
score 0 to split raw Dialign2-2 alignments into significantly aligned blocks. The minimum
size x, used to eliminate insignificant blocks, can be defined by the user. We then test the
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beautification
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realign.pl
trimAln.pl
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w.r.t.
too few sequences?
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still too short
no yes
#SEQUENCES >=#MIN_SEQ?
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splitting due to
DIALIGN
that map to target loci
FASTA file containing sequences (local) alignment
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trim to MIN_OVERLAP
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− trimmed positions
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− ALN_LENGTH
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or
too many consecutive gaps?
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Figure 2.29. Beautifying multiple alignments. The figure basically outlines the work
flow of ncDNAlign.5.trimAln.pl which wraps alignment polishing steps to compute a
plausible alignment.
alignments (i) if their length exceed a minimal length threshold and (ii) if they contain y
consecutive gaps. Default values of x = 20 and y = 120 have been empirically determined as
reasonable thresholds for the trimming procedure. If (i) or (ii) is true, the “beautification
algorithm” is applied to the alignment until the number of aligned sequences exceeds the
minimal number of species in the screen or no further improvement is achieved.
The “beautification algorithm” addresses the following key issues:
1. Improved alignment quality, albeit with loss of individual short sub-sequences.
In general, alignment filtering techniques that search for blocks of high-quality have to
face the tradeoff between horizontal and vertical optimization. An alignment can be
vertically partitioned to maximize the overlap of closely related sequences or it can be
horizontally curtailed to well aligning sub-regions, maximizing the number of partic-
ipating sequences. Based on alignment coordinates, we specifically discard sequences
to improve the overall alignment quality. Rejecting short sub-sequences in cases where
gap-reduced, horizontally curtailed blocks are shorter than a certain length minimum
will result in less covered but substantially elongated alignment stretches. Inspired by
this idea, we compute the two dropping candidates that define the borders of the central
minimal overlap of all sequences (MIN OVERLAP, see Fig. 2.29, can be interpreted as
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a seed alignment). The number of sequences having a valid base in the starting column
of the left candidate sequence and in the ending column of the right candidate sequence
are summed up. Depending on the higher number, we drop the shortest sequence pro-
truding at the left or right side of the minimal overlap. If both sums are equal, the
sequence contributing fewer nucleotides to a putative longer alignment is discarded. If
this is still not unique, the left one is rejected to enforce unambiguousness.
2. Consideration of the fraction of introduced gaps:
Additionally to minimal length and minimal number of sequences we calculate a gap-
score gs that is defined as:
gs =
#gaps of trimmed sequence
length of trimmed sequence
(2.7)
A sequence is rejected if this relative gap frequency falls below a user specified threshold
(default: 30 nt).
3. Rejection of alignments that do not pass consistency filters:
In all cases where potential alignments do not pass the above described filtering steps,
the alignment is rejected (not returned) and the beautification procedure finishes, im-
mediately saving computation time.
Availability. The NcDNAlign software is available under the GNU Public License from
http://www.bioinf.uni-leipzig.de/Software/NcDNAlign/.
Discussion
With NcDNAlignwe present a pipeline to compute multiple sequence alignments of non-coding
regions based on genomic input sequences. Different applications in comparative genomics
make highly different demands on MSAs. RNA gene finding based on existing genome-wide
alignments typically requires extensive filtering and the retention of only a fraction of the
original data. When no ready-made alignments are available and MSAs are computed de
novo for a specific application it is therefore desirable to compute only those alignments that
can be directly used in the downstream analysis to generally reduce computational effort.
In its basic paradigm, NcDNAlign has parallels with TBA. Both use an initial Blast step to
generate candidate pairwise alignments which are subsequently combined into MSAs. TBA-
generated alignments have proven to be highly valuable in various studies on non-coding
sequences. Recently, Wang et al. [2007] reported that genomic alignments of ncRNA genes
generated by TBA are in some cases erroneous but on average the tool performs well. TBA has,
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however, a major drawback when ready-made alignments are not available: as it is geared
towards maximal coverage of the input genomes, its computational effort is enormous, demon-
strated e.g. in [Schwartz et al. 2003]. This is more than just a barrier when computational
resources are limited. It also hinders the frequent recomputation of comparative genomic
analyses necessitated by the constant increase in newly sequenced genomes and improved
genomic data. Using large genomes, the most demanding step in TBA is the computation of
pairwise alignments. NcDNAlign therefore uses the less sensitive but faster blastn instead
of blastz and does reference-genome-versus-all instead of all-versus-all pairwise alignments.
At the cost of reduced sensitivity and the need to define a reference organism, we thereby
achieve a significant increase in efficiency. NcDNAlign, in contrast to TBA does not require the
provision of phylogenetic data which are often difficult to obtain. Contrary to TBA or Pecan,
we do not use exonic anchors to guide the alignment. While this may lead to a loss of short
conserved intronic regions, it enables the alignment of mobile non-coding elements that are
intronic in only a part of the aligned genomes. NcDNAlign, in contrast to other genomic align-
ment pipelines, allows the easy selection of genomic subregions based on annotation for the
alignment process. Also, it provides an alignment polishing procedure that avoids subsequent
filtering of the MSAs prior to feeding them to downstream applications.
Non-coding genes or elements in general constitute a highly diverse set of sequences. There-
fore, NcDNAlign does not make any assumptions about the type of sequence and will process
sequences whether they are of intergenic, intronic, or exonic origin. There are, however,
significantly different sequence constraints between non-protein-coding and protein-coding
sequences. Alignments of the latter benefit from models of coding sequence evolution and
more sophisticated approaches exist for that purpose. As performance has been an important
design goal for NcDNAlign and coding sequences are not in its major focus, we have not in-
cluded any specialized treatment of these sequences. For similar reasons, we do not explicitly
distinguish between orthologs and paralogs. For the types of applications for which NcDNAlign
has been designed, like ncRNA gene search, motif discovery, and analysis of ultra-conserved
regions, the inclusion of a paralog instead of the true ortholog does not make a significant
difference in those cases where orthologs and paralogs cannot be readily distinguished based
on sequence conservation. When creating the MSA from pairwise alignments, we therefore
include the best hit (according to the Blast score) of the reference sequence.
We applied NcDNAlign to three different sets of genomic sequences (bacteria, nematodes,
teleosts) and generated alignments as input data for two relevant topics of comparative ge-
nomics: ncRNA gene finding and UCR analysis. Thereby, we showed that our program scales
encouragingly from bacterial to vertebrate sized alignment problems.
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As expected, TBA generates significantly more alignments which contain way more nucleotides
which is due to our the speed-versus-sensitivity trade-off and our alignment polishing pro-
cedure. The efficiency of the latter is also demonstrated by an overall reduced fraction of
gaps in alignments of NcDNAlign and a better Weighted-Sum-of-Pairs score compared to TBA.
Despite the discrepancy in the number of alignments, the sensitivity for identifying annotated
known ncRNA genes using RNAz is comparable between both approaches, or even better us-
ing NcDNAlign-alignments when considering putative ncRNAs annotated by Saetrom et al.
[2005]. However, FDRs are comparable for both approaches. Consequently, NcDNAlign can
competitively be applied to ncRNA gene finding problems.
Applying NcDNAlign to detect non-coding ultra-conserved regions in nematodes yields sim-
ilarly encouraging results. Almost all UCRs identified in TBA/Multiz-alignments are con-
tained in NcDNAlign-alignments. However, not all of them are strictly UCRs in NcDNAlign-
alignments. In the majority of cases this is due to diverging repeat-masked regions in nomi-
nally identical genome versions. Similarly, NcDNAlign leads to the identification of a number
of UCRs that are not contained in the TBA-UCR set. Our approach of finding ultra-conserved
subsequences restrictively focuses on 100% sequence identity within nematode and teleostean
genomes for demonstration purposes only. Further and more sophisticated analyses of con-
served regions may increase precision. Our results on UCRs and CNEs in teleosts are in line
with prior findings that vertebrate CNEs are largely absent in invertebrates and that a signif-
icant fraction of UCRs is teleost specific. We identify about 150 potentially duplicated UCRs
which are partly conserved in non-duplicated outgroups. Our study of teleostean duplicated
UCRs deliberately misses the distinction of copied genes that originate from local or small
duplication events as opposed to whole-genome duplication events. Since teleost genomes
include a large number of mobile and pseudogenic elements, there are only a few and mostly
unreliable measures, e.g. locality, to perform such distinctions.
In summary, NcDNAlign is a pragmatic approach to the generation of MSAs of non-coding
regions from genomic sequences. Although NcDNAlign is optimized for performance rather
than sensitivity and aligns significantly fewer nucleotides than TBA, it appears to be as sensitive
and specific as TBA when applied to ncRNA gene finding and UCR analysis. For applications
where alignments of distant homologs are beneficial, TBA is certainly the more viable option.
Overall, TBA is the more general approach, however, with a dramatically higher computational
effort and the necessity to post-process alignments to satisfy specific needs. NcDNAlign, in
turn, is particularly useful when only limited computational resources are available, for pilot
studies, for studies that are routinely repeated as soon as new genomic data becomes available,
and for alignments that should be tailor-made to a specific downstream application.
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2.9 Homology-based annotation of non-coding RNAs in the
genomes of Schistosoma mansoni and Schistosoma japon-
icum
Introduction. In previous sections of this thesis, we predominantly investigated an organ-
isms small ncRNA repertoire by means of automated methods, in particular by means of RNAz.
Although convincing results have been achieved, the goal of this thesis, however, is rather
general ncRNA detection than hyping RNAz. In [Hertel et al. 2009], we described a homology-
based protocol to accurately annotate ncRNAs which we consider as robust and reliable due
to diligent human interaction. Here, as a case study beyond RNAz, we apply this scheme to the
genome of Schistosoma mansoni, and by comparison with the newly sequenced Schistosoma
japonicum genome, identify ncRNAs in both of these clinically important schistosomes.
Schistosomes belong to an early-diverging group within the Digenea but are clearly themselves
highly derived [Blair et al. 2001, Brant & Loker 2005, Webster et al. 2006]. Flatworms are a
long-branch group suggesting rapid mutation rates [Jime´nez-Guri et al. 2007].
Schistosome genomes are comparatively large, estimated to comprise 350-400Mb, for the
haploid genomes of S. mansoni and S. japonicum [Wilson et al. 2007, Berriman et al.
2009, Schistosoma japonicum Genome Sequencing and Functional Analysis Consortium 2009].
These large sizes may be characteristic of platyhelminth genomes in general: the genome of
Schmidtea mediterranea is even larger, with the current genome sequencing project∗) reporting
a size of ∼480Mb [Robb et al. 2008]. Genome sequencing of the seven autosomes and the pair
of sex chromosomes of S. mansoni (8X coverage) has lead to a genome assembly comprising
5,745 scaffolds (> 2kb) covering 363Mb [Haas et al. 2007, Wilson et al. 2007, Berriman et al.
2009]. Similarly, shotgun sequencing of S. japonicum (5.4X coverage) decoded 397Mb of se-
quence forming 25,000 scaffolds [Schistosoma japonicum Genome Sequencing and Functional
Analysis Consortium 2009]. Albeit both genome projects did not lead to complete finished
genomes, we therefore know at least 90-95% of the genomic DNA sequences of S. mansoni
and S. japonicum, respectively.
The protein-coding portion of the Schistosoma genomes have received much attention in
recent years. Published work includes transcriptome databases for both S. japonicum [Hu
et al. 2003] and S. mansoni [Verjovski-Almeida et al. 2003], microarray-based expression anal-
ysis [Verjovski-Almeida et al. 2007], characterization of promoters [Schulmeister et al. 2005,
Copeland et al. 2007], and physical mapping and annotation of protein-coding genes [Haas
∗http://genome.wustl.edu/genomes/view/schmidtea_mediterranea/
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et al. 2007]. Recently, a systematic annotation of protein-coding genes in S. japonicum was
reported [Brejova´ et al. 2009]. In contrast to better-understood parasites such as Plasmodium
[Mourier et al. 2008], however, not much is known about the ncRNA complement of schis-
tosomes. Only the spliced leader RNA (SL RNA) of S. mansoni [Rajkovic et al. 1990], the
hammerhead ribozymes encoded by the SINE-like retro-transposons Sm-α and Sj-α [Ferbeyre
et al. 1998, Laha et al. 2000], and secondary structure elements in the LTR retro-transposon
of Boudicca [Copeland et al. 2004] have received closer attention. Ribosomal RNA sequences
have been available mostly for phylogenetic purposes [Rollinson et al. 1997] and tRNAs have
been studied to a limited degree [Littlewood et al. 2006].
In the following, we therefore focus on a comprehensive overview of the evolutionary conserved
ncRNAs in the genomes of S. mansoni and S. japonicum. We discuss representatives of
23 types of ncRNAs that were detected based on both sequence and secondary structure
homology.
Results & Discussion
Structure and homology-based searches of the schistosome genomes revealed ncRNAs from
23 different RNA categories. Table 2.22 lists these functional ncRNA categories, the number
of predicted genes in each category, and references associated with each RNA type. The
detected RNAs are available as electronic supplement∗.
Transfer RNAs. Candidate tRNAs were predicted with tRNAscan-SE in the genomes of
S. mansoni, S. japonicum, and S. mediterranea (a free-living platyhelminth, used for compar-
ison). After removal of transposable elements, tRNAscan-SE reported a total of 713 tRNAs
for S. mansoni, 739 for S. mediterranea, and 154 in S. japonicum. These included tRNAs
encoding the standard 20 amino acids (663 S.ma., 742 S.me., 149 S.ja.) of the traditional
genetic code, selenocysteine encoding tRNAs (tRNAsec) [Sheppard et al. 2008], and possi-
ble suppressor tRNAs [Ambrogelly et al. 2007]. The tRNAsec from schistosomes have been
characterized, and are similar in both size and structure to tRNAsec from other eukaryotes
[Hubert et al. 1996].
The tRNA complements of the three platyhelminth genomes are compared in detail in Fig. 2.30.
The amino acids are represented in approximately equal numbers in S. mansoni and S. mediter-
ranea. Nevertheless, there are several notable deviations. S. mansoni contains many more
leucine (86 vs. 46) and histidine (27 vs. 8) tRNAs, while serine (51 vs. 94), cysteine (21 vs.
∗http://www.bioinf.uni-leipzig.de/Publications/SUPPLEMENTS/08-014
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RNA class Functional Category S.man. S.jap. Reference(s)
7SK Transcription regulation (1) 0 ↓
HR Self-cleaving > 38, 000 > 5, 000 [Ferbeyre et al. 1998]
miRNA Translation control 8 7 [Hertel et al. 2006], ↓
PCM RNA editing 9 3 [Kim et al. 1995]
RNase MRP Mt. replication, rRNA proc. (1) (1) ↓
RNase P tRNA processing 1 1 ↓
rRNA-operon Polypeptide synthesis 80-105 50-280 [Simpson et al. 1984], ↓
5S rRNA Polypeptide synthesis 21 1-13 ↓
SL RNA Trans-splicing 6-48 1-9 [Rajkovic et al. 1990], ↓
SnoRNA U3 Nucleolar rRNA processing 1 1 ↓
SRP Protein transportation 12 4+1 ↓
tRNA Polypeptide synthesis 663 149 ↓
U1 Splicing 3-34 2-6 [Marz et al. 2008], ↓
U2 Splicing 3-15 1-63 [Marz et al. 2008], ↓
U4 Splicing 1-19 1-6 [Marz et al. 2008], ↓
U5 Splicing 2-9 1-24 [Marz et al. 2008], ↓
U6 Splicing 9-55 2-12 [Marz et al. 2008], ↓
U11 Splicing 1 1 ↓
U12 Splicing 1-2 0-1 [Marz et al. 2008], ↓
U4atac Splicing 1 1 ↓
U6atac Splicing 1 1 ↓
U7 Histone maturation 0 (2) ↓
Table 2.22. Summary of homology-based RNA annotations from the sequenced
genomes of S. mansoni and S. japonicum. Brackets or intervals indicate that
it remains uncertain whether multiple copies in the genomic DNA are true copies of the
gene or mere assembly artifacts. HR - Hammerhead ribozymes; PCM - potassium channel
motif; Mt - Mitochondrial; proc - processing; ↓ - this study;
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44), methionine (21 vs. 44), and isoleucine (17 vs. 42) are underrepresented. In addition,
there are several substantial differences in codon usage. In most cases, S. mansoni exhibits
a more diverse repertoire of tRNAs. The tRNA complement of S. japonicum, on the other
hand, differs strongly from its two relatives. The number of tRNAs is not only decreased by
more than a factor of four, S. japonicum also prefers anti-codons that are absent or rare in
its relatives, such as tRNA-Ala-GGC, tRNA-Cys-ACA, and Lys-CTT.
It has been shown recently that changes in codon usage, even while coding the same pro-
tein sequences, can severely attenuate the virulence of viral pathogens by “de-optimizing”
translational efficiency [Coleman et al. 2008] . This observation leads us to speculate that
the greater diversity of the tRNA repertoire could be related to the selection pressures of
the parasitic life-style of S. mansoni. The effect is not straight forward, however, because
there is no significant correlation of tRNA copy numbers with the overall codon usage in both
S. mansoni and S. japonicum, Fig. 2.30-C. In contrast, a weak but statistically significant
correlation can be observed in S. mediterranea.
The most striking result of the tRNAscan-SE analysis was the initial finding of 1,135 glutamine
tRNAs (Gln-tRNAs) in S. mansoni in contrast to the 8 Gln-tRNAs in S. japonicum and 65 in
S. mediterranea. Nearly all of these (1,098 in S. mansoni) were tRNA-Gln-TTG. In addition,
an extreme number of 1,824 tRNA-pseudogenes in S. mansoni (vs. 951 in S. japonicum) and
19 in S. mediterranea) was predicted. These tRNA-Gln-TTG-derived genes (those predicted
to be pseudogenes and those predicted to be functional tRNAs) totaled 2,368. These high
numbers suggest a tRNA-derived mobile genetic element. Almost all of them (2,342) are
classified as SINE elements by the RepeatMasker program. Further sequence comparison
revealed that these elements are similar to members of the Sm-α family of S. mansoni SINE
elements [Spotila et al. 1989].
Ribosomal RNAs. As usual in eukaryotes, the 18S, 5.8S, and 28S genes are produced
by RNA polymerase I from a tandemly repeated polycistronic transcript, the rRNA operon.
The S. mansoni genome contains about 90-100 copies [Simpson et al. 1984, van Keulen et al.
1985] with nearly identical sequences, because they are subject to concerted evolution [Nei &
Rooney 2005]. The repetitive structure of the rRNA operons causes substantial problems for
genome assembly software [Scheibye-Alsing et al. 2009]. In total, we identified 80-137 copies
(based on linked 18S and 5.8S rRNAs, see supplement). The copy number of rRNA operons is
thus consistent with the estimate of 90-100 from hybridization analysis [Simpson et al. 1984].
The 5S rRNA is a polymerase III transcript that has not been studied in schistosomes so far.
We find 21 copies of the 118 nt long 5S rRNA in S. mansoni and 13 copies in S. japonicum.
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Figure 2.30. Comparison of the tRNA complement of Schistosoma mansoni,
Schistosoma japonicum, and Schmidtea mediterranea. (A) Comparison of anti-
codon distributions for the 20 amino acids. Top of each pie-chart: total number of tRNA genes
coding the corresponding amino acid. Left columns: S. mansoni; middle: S. mediterranea right:
S. japonicum. (B) Number of tRNAs encoding a particular amino acid. Sup: putative suppres-
sor tRNAs (CTA, TTA); Scys: Selenocysteine tRNAs (TCA); Pseu: predicted pseudogenes; Und:
tRNA predictions with uncertain anti-codon; likely these are also tRNA pseudogenes. (C): Com-
parison of codon usage and anti-codon abundance. No significant correlation is observed for the
two schistosomes. For S. mediterranea there is a weak, but statistically significant, positive cor-
relation: t ≈ 2.0.
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SRP RNA and Ribonuclease P RNA. Although one of the protein subunits of this
ribonucleoprotein was cloned in 1995 [McNair et al. 1995], little is known about the other
subunits or the RNA component in S. mansoni. We found eight probable candidates for the
SRP RNA, with one almost canonical sequence (see supplement), and four possible candidates
with point mutations which may influence their function. The RNA component of Ribonu-
clease P (RNase P) is the catalytically active part of this enzyme that is required for the
processing of tRNA precursors [Kirsebom 2007, Kikovska et al. 2007]. We found one RNase
P RNA in the S. mansoni genome using both GotohScan and RNABOB with the eukaryotic
(“nuclear”) Rfam consensus as search sequence.
Spliceosomal RNAs and Spliced Leader RNA. The S. mansoni genome assembly
contains 34 U1, 15 U2, 19 U4, 9 U5, and 55 U6 sequences. Counting identical sequences
in short flanking regions only once leaves 3 U1, 3 U2, 1 U4, 2 U5, and 9 U6 genes [Marz
et al. 2008]. The true copy number is most likely somewhere between these upper and lower
bounds. Although U4atac and U6atac are quite diverged compared to known homologs,
they are unambiguously recognized using GotohScan [Hertel et al. 2009]. These sequences
interact to form the functionally necessary duplex structure (data not shown). As in many
other species, there is only a single copy of each of the minor spliceosomal snRNAs in both
schistosome genomes, Tab. 2.22.
The Spliced Leader (SL) RNA is one of the very few previously characterized ncRNAs from
S. mansoni [Rajkovic et al. 1990]. The 90 nt SL RNA, which was found in a 595 nt tandemly
repeated fragment (accession number M34074), contains the 36 nt leader sequence at its 5’ end
which is transferred in the trans-splicing reaction to the 5’ termini of mature mRNAs. Using
Blast, we identified 54 SL RNA genes. These candidates, along with 100 nt flanking sequence,
were aligned using ClustalW, revealing 6 sequences with aberrant flanking regions which we
suspect to be pseudogenic. The remaining sequences are 43 identical copies and 5 distinct
sequence variants. A secondary structure analysis corroborates the model of [Rajkovic et al.
1990], according to which the S. mansoni SL RNA has only two loops, with an unpaired Sm
binding site. This coincides with the SL RNA structure of Rotifera [Pouchkina-Stantcheva
& Tunnacliffe 2005] but is in contrast to the SL RNAs in most other groups of eukaryotes
which exhibit single or triple stem-loop structures [Marz et al. 2010]. A Blast-search against
S. mansoni EST data confirms that the 5’ part of the SL is indeed trans-spliced to mRNAs.
Several nearly identical SL RNA homologs are found in S. japonicum.
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Figure 2.31. S. mansoni SL RNA. (A) Alignments of SL RNA candidates and puta-
tive pseudogenes (the salmon-highlighted sequence represents a cluster of 43 copies). (B)
Alignments with structural elements highlighted (blue/green: base-paired regions; grey: Sm
binding site). (C) Secondary structure predicted by RNAalifold with the constraint that the
Sm binding site must be unpaired. Like [Rajkovic et al. 1990] we found that the S. man-
soni SL RNA has only two loops, with an unpaired Sm binding site, whereas most other
SL RNAs have a triple stem-loop structure.
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                                                               ****************** *        
Structure                .((.(((.(((((.(((((..(((((((((...............................)))))))))))))).))))).))).))...
sma-mir-124 UUGUAUGCCAUUUUCCGCGAUUGCCUUGAUGAGUUAUAA--AUAUUAUUCAUAACAAAAAUAUUAAGGCACGCGGUGAAUGUCAUCCACGG
sja-mir-124 AUGUAUGCCAUUUUCCGCGAUUGCCUUGAUUUGUUAAAAGAAAAUGAUUCACAACAAAA-UAUUAAGGCACGCGGUGAAUGUCAUCCACGG
hsa-miR-124 ---------------------------------------------------------------UAAGGCACGCGGUGAAUGCC--------
mir-124
                                                 |-conserved antisense--|            *        **  * *        
dme-Struc             ..(((((.(.......).))..))).((...(((((((((((((..(((((((((((.....)))))))))))...)))..)))).)).)))).)).
dme-mir-287 GGACGCCGGGGAUGUAUGGG--UGUGUA--GGGUCUGAAAUUUUGCACACAUUUACAAUAAUUGUAAAUGUGUUGAAAAUCGUUUGCACGACUGUGA
dme-miR-287 --------------------------------------------------------------------UGUGUUGAAAAUCGUUUGCAC--------
sma-mir-287 ---GUAUACUCGUAUGGGUGAAUGUGUACA---UGUUAAAUUUUGCACACAUUUACAAAAAAAAGGUGCCGAAUAUUCCAUUUUCACCCUACAUGUU
sma-Struc ...........(((.(((((((.(((...(...((((.......((((.(.(((......))).)))))..)))))..))).)))))))))).....
mir-287
sme-miR-749     **  ****** **********                                                                    
Structure ...((((((((((((((((((((..(((.(.((((((.......)))))).))))....))))))...)))))).........))))))))..
sja-mir-749 AAUCGCCAGGAUGAACCUCGGUGGUCCGGGGUGCAGGCUUCAAACCUGCAGCCGACUGGCGUCGGAGUGGUUCGAUUCCGCCUUCCUGGCGUG
sma-mir-749 AAUUGCCGGGAUGAACCUCGGUGGUCCGGGGUGCAGGCUUCAAACCUGUAGCCGACUAGCAUCGGAGCGGUUCGAUUCCGCCUUCCUGGCGUA
sme-mir-749-1 AAUCGCUGGGAUGAGCCUCGGUGGUCCGGGGUGCAGGCUUCAAACCUGUAGUCGGUUGACACCGAAGUGGUUCGAUUCCACCUUUCCAGCGAU
sme-mir-749-2 AAUUGCUGGGAUGAGCCUCGGUGGUCCGGGGUGCAGGCUUCAAACCUGUAGUCGGUUGACACCGAAGUGGUUCGAUUCCACCUUUCCAGCGAU
sme-miR-749 ----GCUGGGAUGAGCCUCGGUGGU--------------------------------------------------------------------
mir-749
Figure 2.32. Multiple sequence alignments of S. mansoni pre-miRNAs. For mir-
124 and mir-749 the sequences share a common consensus structure. The uncertain mir-
287 candidate clusters together with mir-124 in insect genomes. However, though it also
exhibits a single stem-loop structure, it is different from that of insects.
MicroRNAs. So far, no miRNAs have been verified experimentally in S. mansoni. The
presence of four protein-coding genes encoding crucial components of the miRNA processing
machinery (Dicer, Argonaut, Drosha, and Pasha/DGCR8) [Krautz-Peterson & Skelly 2008,
Gomes et al. 2009], and the presence of Argonaut-like genes in both S. japonicum [Liu et al.
2006a] and S. mansoni (detected by blastn in EST data, see supplement), strongly suggests
that schistosomes have a functional miRNA system. Indeed, most recently five miRNAs were
found by direct cloning in S. japonicum which are also conserved in S. mansoni [Xue et al.
2008]: let-7, mir-71, bantam, mir-125, and a single schistosome-specific miRNA. Correspond-
ing precursor hairpins, are well conserved in S. japonicum. However, we only found one further
miRNA candidate in S. mansoni, mir-124, that is also conserved in S. japonicum. In insects,
this miRNA is clustered with mir-287. The distance of both miRNAs is approximately 8 kb
in Drosophilids. We found an uncertain mir-287 candidate in S. mansoni, however, on a
different scaffold than mir-124. Although this sequence nicely folds into a single stem-loop
structure, it is conserved only antisense to the mature sequence of insects, see Fig. 2.32. The
small number of recognizable miRNAs in schistosomes is in strong contrast to the extensive
miRNA complement in S. mediterranea, indicating massive loss of miRNAs relative to the
planarian ancestor. This may be a consequence of the parasitic lifestyle of the schistosomes.
111
2. Prediction of short non-coding RNAs
Small Nucleolar RNAs. A de novo search for snoRNAs, see [Copeland et al. 2009] for
methods, resulted in 2,610 candidates (1,654 box C/D and 956 box H/ACA). All these predic-
tions exhibit highly conserved sequence boxes as well as the typical secondary features of box
C/D and box H/ACA snoRNAs, respectively. Filtering for conservation with S. japonicum
and subsequent target-prediction with 18S, 28S and/or 5.8S rRNA returned 227 box C/D and
352 box H/ACA snoRNA candidates. While still high, these numbers fall into the expected
range for a metazoan snoRNA complement.
Uncertain or missing RNAs. Several traditional ncRNAs, such as MRP RNA, 7SK, or
vault RNAs, are expected but could not unambiguously be identified in S. mansoni. As in all
other invertebrates genomes, no candidate sequence was found for telomerase RNA. S. man-
soni almost certainly has a canonical telomerase holoenzyme, since it encodes telomerase
proteins and has the same telomeric repeat sequences as many other metazoan animals [Hirai
& LoVerde 1996]. Vault RNAs are known in all major deuterostome lineages [Stadler et al.
2009], and homologs were recently also described in two lophotrochozoan lineages [Mosig et al.
2009]. Since S. mansoni has a homolog of the major vault protein (Smp 006740), we would
also expect a corresponding RNA component to be present.
Conclusions. We described a detailed annotation of “housekeeping” ncRNAs in the genomes
of the parasitic platyhelminth Schistosoma mansoni and Schistosoma japonicum. Limited to
the best conserved structured RNAs, our work uncovered important genomic features such
as the existence of a SINE family specific to S. mansoni, which is derived from tRNA-Gln-
TTG. Our survey established the presence of a minor spliceosome in schistosomes and confirms
spliced leader trans-splicing. The fragmented genome assembly, with a coverage of at least 90-
95%, preclude accurate counts of the multi-copy genes. The description of several novel, and
in many cases quite derived, schistosome ncRNAs contributes significantly to the understand-
ing of the evolution of the corresponding RNA families. The schistosome ncRNA sequences
are an important input to subsequent homology-based search projects, since they allow the
construction of improved descriptors for sequence/structure-based search algorithms. We con-
clude that our ncRNA annotation tracks are an important contribution to the genome-wide
annotation datasets of both S. mansoni and S. japonicum. The house-keeping ncRNAs con-
sidered in this study are almost certainly only the proverbial tip of the platyhelminth ncRNAs
iceberg. The discovery of a large number of mRNA-like ncRNAs in many eukaryotes (see e.g.
[Amaral et al. 2008]) and in particular in many other invertebrate species (nematodes [Shin
et al. 2008], insects [Inagaki et al. 2005, Tupy et al. 2005]) suggests that similar transcripts
could also be abundant in schistosomes.
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2.10 Summary
In this chapter, we presented way-points from our search for short structured RNAs in a
variety of different species, including urochordates (section 2.2), nematodes (2.3), drosophilids
(2.4), teleosts (2.5), placozoans (2.6), stramenopiles (2.7), or gammaproteobacteria (2.8).
Figure 2.33 gives a final overview on recent RNAz screens summarizing our results on RNAz-
derived short ncRNAs. It lists the number of predicted short structured RNA elements in
terms of observed RNAz hits from our screens together with selected RNAz-based results from
other studies.
RNAz predictions were experimentally validated in bacteria (Plasmodium falciparum, Northern
blot analysis confirmed 33 of 76 selected predictions) [Mourier et al. 2008] and even in plants
(Arabidopsis thaliana, 21 RNAs belonging to 16 novel families) [Song et al. 2009]. Others
reported RNAz-derived ncRNAs for porcine EST data (Sus scrofa) [Seemann et al. 2007] or
yeast (Saccheromyces cervisiae) [Steigele et al. 2007]. Our studies, together with the quoted
surveys, document the presence of numerous short structured RNAs in relevant genomes.
Overall, we accumulated evidence for a plethora of short structured ncRNAs. By far, the
highest number of RNAz hits was observed in drosophilids. However, tens of thousands of
putative ncRNAs and regulatory RNA elements are not unexpected given that about 36,000
high-quality RNAz hits have been found by a similar procedure in a screen of mammalian
genomes [Washietl et al. 2005a] which was based on a comparable size of the input set com-
prising about 103Mb of the human genome and similar number of human ncRNAs have been
predicted using the SCFG-based EvoFold approach [Pedersen et al. 2006].
We provided evidence for the existence of a distinct independently transcribed drosophilid-
specific class of ncRNAs with a higher propensity for large intergenic regions compared to
human (recover Fig. 2.10). Nevertheless, we believe that the abundance of RNAz hits in
drosophilids compared to other screens reporting way fewer RNAz hits is rather due to opti-
mal comprehensive input data of which our method benefits than disproportionately many
innovations in the Drosophila lineage accumulating functional ncRNAs. Conversely, the over-
whelming majority of structured RNA signals observed in teleostean genomes have no de-
tectable homologous sequence in invertebrates. For now, since it is not clear to which extent
phylogenetic distances precisely influence and limit our comparative genomics approaches, we
deliberately avoid speculative quantitative comparisons between different screens. As already
outlined in the caption of Fig. 2.33, quantitative comparisons between screens from different
groups are also problematic, since underlying methods and applied parameters often differ
profoundly. However, we hope to have established standard protocols with our pilot-studies
113
2. Prediction of short non-coding RNAs
Figure 2.33. RNAz screens. The figure summarizes the number of obtained RNAz hits for
recent RNAz screens (see text). We distinguish between screens from our group presented
in this thesis (green) and screens from others (red). If possible, the number of RNAz pre-
dictions are given as interval (down rounded to the nearest hundred), according to the two
intuitive SVM class-probability cutoffs p > 0.5 and p > 0.9. Underlined species served as
reference in our screens. A fair quantitative comparison of observed RNAz hits between
all screens is problematic, since underlying phylogenetic distances and applied methods
often differ profoundly. For example, the 1,000 RNAz hits identified in pig are most likely
true but they are based on EST data and not on genome-wide alignments which explains
the small number compared to humans or teleosts. Depicted numbers are also deliberately
not corrected for false positives, since FDR estimates vary significantly between different
screens (10-70%) and a universal way to estimate normalized FDRs is missing. A com-
parison between different screens is already biased by different alignment algorithms used
to generate the RNAz input alignments or the number of species per screen. In addition,
when analyzing results of others, it is not always clear if or to which degree repeats or
protein-coding genes were excluded from the screens. Nevertheless, short structured ncR-
NAs are universally found in genomes of diverse species, ranging from higher eukaryotes
to basal organisms like placozoa or proteobacteria. The tree was generated with PhyloWid-
get, a tool for web-based visualizations of the tree of life [Jordan & Piel 2008].
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such that subsequent studies can be quickly performed in a universal way.
The above discussion tellingly highlights our dependence on reliable input alignments. The
12 drosophilids have optimal phylogenetic distances for accurate ncRNA prediction. In turn,
computational ncRNA prediction based on only three urochordate genomes obviously suffers
from a lack of signal. The number of RNAz-detected RNA signals in nematodes increased from
∼3,000 to ∼15,000 with the release of novel genomes and alignment techniques. There is no
doubt that future analyses of more comprehensive data sets consisting of additional newly
sequenced genomes will soon reveal many more short RNAs.
Obviously unsatisfying but usual for most computational studies, the precise number of func-
tional ncRNAs actually identified throughout our studies remains elusive. However, we ap-
proximated our error rate by estimating false discovery rates — a challenging problem regard-
ing the fact that these estimates vary significantly between different and even within single
screens, since there are several ways to calculate them (recover section 2.1.2 and 2.4). Nev-
ertheless, the RNAz approach in general as well as our results in particular, are in agreement
with independent third-party “quality-control” studies which confirm that the distribution of
RNAz-derived ncRNA prediction scores in UTRs, introns, and intergenic regions are signifi-
cantly higher for real than shuffled sequence, while the distribution for coding sequences are
lower than that of corresponding shuffles [Babak et al. 2007]. Today, numerous previously
predicted candidates are already listed in official ncRNA annotation databases and the num-
ber of predictions turning out to be indeed functional ncRNAs is steadily increasing, as e.g.
shown for miRBase-confirmed drosophilid miRNA precursors.
Beyond the means of RNAz, we moreover manually compiled sophisticated annotation for the
short non-coding complement of schistosomes. Finally, we implemented a flexible and light-
weight tool for the genome-wide alignment of non-coding DNA and demonstrated that it is
well suited for the analysis of ultra-conserved regions as well as short ncRNA detection.
Overall, we accumulated evidence for a plethora of short structured RNAs. We substantially
contributed to the genomic annotation and understanding of several model species. We
conclude that short structured ncRNAs are universally found in genomes of diverse species,
ranging from higher eukaryotes to basal organisms like placozoa or proteobacteria.
In summary, as already concluded in a recent survey of computational advances in genome-
scale prediction of structured RNA elements [Gorodkin et al. 2010], the sheer abundance of
computationally detected cross-species conserved short ncRNAs per se suggests that a wealth
of them indeed exists.
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3.1 Splice sites – new kids on the block
As a consequence of specific and generally lower expression levels of lncRNAs compared to
their protein-coding counterparts [Ravasi et al. 2006], it is likely that, despite large EST or
deep sequencing projects, we have not yet discovered the complete repertoire of lncRNAs even
in the best-studied model organisms [Marques & Ponting 2009]. Since a complete inventory
of transcripts is a prerequisite for the comprehensive understanding of cellular regulation, a
method to uncover lncRNAs that does not depend on expression data is highly desirable.
By design, however, prediction approaches like RNAz or EvoFold that search for regions with
an excess of mutations that maintain secondary structure motifs will miss ncRNAs that are
unstructured or whose structure is not well conserved in evolution.
Almost 20 years ago, H19, the first and since then broadly studied long ncRNA (lncRNA),
was found in mice as a maternally expressed gene [Brannan et al. 1990]. It has been shown
that H19 is involved in a variety of complex regulatory processes. For example, it can behave
like both, tumor suppressor and oncogene, while it influences growth by cis control of Igf2
expression [Hao et al. 1993, Matouk et al. 2007, Yoshimizu et al. 2008], but its actual overall
function is still unclear [Gabory et al. 2006, Ideraabdullah et al. 2008, Gabory et al. 2009].
The comparison of two mouse transcript catalogues recently established that lncRNAs are
subject of selective constraint – their sequences evolve slower than adjacent neutral sequences
[Okazaki et al. 2002, Carninci et al. 2005, Guttman et al. 2009]. Overall, however, their
genes are usually poorly conserved. HAR1A, a lncRNA specifically expressed in human
Cajal-Retzius neurons during cortical development, is probably one of the most extreme
examples lacking primary sequence conservation [Pollard et al. 2006], see Fig. 3.1. With
about 60% sequence conservation MALAT1, a long ncRNA associated with metastasis of lung
adenocarcinoma, is among the best sequence conserved lncRNAs [Ji et al. 2003]. Nevertheless,
it has been shown that a lack of primary sequence conservation for lncRNAs (see also Fig. 3.2)
does not necessarily signify an absence of function [Pang et al. 2006]. It furthermore has been
observed that these RNAs are under purifying selection related to substitutions, sequence
insertions/deletions, and splicing [Ponjavic et al. 2007]. In other words, intron positions are
not only conserved in protein-coding genes, they are also retained in ncRNA genes (Fig. 3.3)
and hence splice sites (SS) can be considered as a key feature for their detection.
Here, we present a new approach to identify spliced mlncRNAs from genomic sequence data
alone. Our method exploits characteristic evolutionary signatures of conserved introns. The
rationale behind this approach is driven by the observation that intron positions are generally
well conserved both in protein-coding and non-coding RNA genes [Mouse Genome Sequencing
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Figure 3.1. Sequence conservation of lncRNAs. The figure shows three human lncRNAs
with different sequence conservation among vertebrates as indicated by the PhastCons
profile. Long ncRNAs are generally poorly conserved. Consequently, they can not be
reliably detected soley based upon sequence conservation patterns. (A) HAR1A, (B) XIST,
(C) MALAT1.
Consortium 2002, Nesterova et al. 2001, Ponjavic et al. 2007, Rodr´ıguez-Trelles et al. 2006].
The assumption underlying our approach is that a functional pair of donor (5’) and acceptor
(3’) splice sites will be retained over long evolutionary time-scales only if (i) the locus is tran-
scribed into a functional transcript, and (ii) accurate intron removal is necessary to produce
a functional transcript. Thus, conserved introns can be employed to determine the presence
of a functional transcript directly from comparative genomics data.
We apply this intron-based approach to 15 insect, 5 nematode, and 44 vertebrate genomes and
reliably predict novel mlncRNAs. We show that these mlncRNAs are largely unstructured
and often not associated with significant sequence conservation, implying that they cannot be
predicted by existing methods. Our screens also identify unannotated protein-coding genes
and provide refinements of several gene structures by identifying introns in incomplete coding
or untranslated regions. We also provide experimental evidence for our predictions.
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Figure 3.2. Average sequence conservation of vertebrate splice site regions as
indicated by PhastCons score profiles of the [−50, 50] interval. The donor (left)
and acceptor (right) profiles are based on 50,000 real splice sites (pos) and 50,000 randomly
selected exonic/intronic GT/AG dinucleotides (neg). The sequence of protein-coding exons
is usually well conserved, often resulting in continuous blocks of high PhastCons scores.
In turn, the signal typically decreases at intronic regions. However, ncRNA genes exhibit
a totally different profile, their exons are less conserved in primary sequence. Splice sites
per se are well conserved, on average even better than exons as illustrated by the middle
peak at x=0. Inherently, sequence conservation might be used to detect exon-intron/intron-
exon transitions of protein-coding genes but it can not reliably indicate exons of ncRNAs.
since it does not significantly differ from the background.
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Figure 3.3. Sequence logos of vertebrate splice sites. The figure depicts nucleotide
frequencies of real splice sites. It suggests that SS of non-coding genes evolve similar to
sites of protein-coding genes or UTRs. There are only marginal differences between them
which presumably are due to the fact that there are way more coding than non-coding
training samples (see supplement). Therefore, we trained our SVM models with a mixture
of all kinds of real SS. We expect that our approach yields novel non-coding SS although
the majority of training samples belongs to protein-coding genes.
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3.2 Conserved introns reveal novel transcripts
3.2.1 Methods
Our approach consists of three steps. Firstly, we predict introns in individual insect genomes.
Secondly, we use genome-wide alignments to identify orthologous introns, defined here as
introns that are independently predicted in at least two genomes and where both donor and
acceptor sites are exactly aligned. Thirdly, we compile a set of evolutionary signatures that
are characteristic for introns with conserved splice sites (SS) and use machine learning to
distinguish between real and false intron predictions. These steps are illustrated in Fig. 3.5.
We choose Drosophila and Caenorhabditis as model systems to test our approach for several
reasons: (i) There is a sufficient number of sequenced insect and nematode genomes which
allows to reliably annotate features such as protein-coding genes, structured RNAs, and reg-
ulatory motifs (see sections 2.3, 2.4, and 2.10 but also [Stark et al. 2007b, Drosophila 12
Genomes Consortium 2007, Kheradpour et al. 2007, Sidow & Lacroute 2007]). (ii) The ma-
jority of introns in D. melanogaster (54% ≤ 80 nt) and in C. elegans (46% ≤ 60 nt) are short
[Lim & Burge 2001]. (iii) These introns are considered to contain basically all the information
needed to identify them in pre-mature transcripts [Lim & Burge 2001], in contrast to most
mammalian introns [Deutsch & Long 1999, Dewey et al. 2006].
Real SS often have substitutions that are consistent with the SS consensus. For example, the
nucleotide position -3 of acceptors is usually C or T with G being extremely rare. Consistent
with this preference, C/T substitutions appear more often in positive than in negative sam-
ples. Likewise, positive and negative samples differ in the frequency of specific substitutions
at positions of the donor SS and the polypyrimidine tract. To capture this information, we
determine position-specific scores for all possible substitutions for all species pairs “reference
vs another species” (Fig. 3.4). Summing these scores for the donor (positions +2...+6) and
acceptor site (positions -7...-3) gives a strong separation of positive and negative samples.
Furthermore, most positive samples exhibit poor sequence conservation in the middle of the
intron, while numerous negatives show an atypical high conservation. Averaging PhastCons
conservation scores for the intron region +8...+20 and -20...-8 gives a highly significant dif-
ference between positives and negatives (0.056 vs. 0.425, Wilcoxon P-value < 2.2× 10−16 for
drosophilids). This pattern is expected because the middle part of an intron usually contains
unconstrained sequence [Halligan & Keightley 2006]. Moreover, positive samples show some
length variation between species [Parsch 2003], while negatives rarely do. Finally, degener-
ated positions in the SS consensus lead to characteristic variation in sequence-based SS scores
(here computed by intronscan [Lim & Burge 2001]).
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Figure 3.4. Nucleotide frequencies at splice sites differ among insect genomes.
The figure plots the nucleotide frequency difference (relative to D. melanogaster) for the donor
positions +3...+6 and the acceptor positions -7...-3 for 14 insect species. While differences are
often small, D. willistoni, T. castaneum and A. mellifera have preference for A over G at position
+3 and for T over C at -3, still being consistent with the splice site consensus. These preferences
correlate with the A+T content of these genomes (D. willistoni 63% A+T, T. castaneum 67%,
A. mellifera 67% compared to D. melanogaster 58% [Tribolium Genome Sequencing Consortium
2008, Honeybee Genome Sequencing Consortium 2006]).
To combine these features into a single decision (real intron vs. false prediction), we trained
drosophilid- and nematode-specific support vector machines using 95% randomly selected
training and 5% test data.
3.2.2 De novo intron prediction in insect genomes
Machine Learning. The SVM trainings set comprised 22,278 positives and 111,530 nega-
tives. On randomly selected 5% the SVM distinguishes between positive and negative samples
with a very high accuracy (area under the receiver operating curve 0.983; Fig. 3.5-C). Clas-
sifying the unseen part of the set with a probability ≥ 0.95 as real introns, we obtain a true
positive rate of 80% (977 of 1,221) at a false positive rate of 0.12% (7 of 5,936). At a proba-
bility cutoff of 0.99, we still have a true positive rate of 71.8% (877 of 1,221) at a false positive
rate of 0.07% (4 of 5,936).
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Figure 3.5. Overview of the computational intron prediction procedure.
The figure outlines results from the insect screen but the methodology also applies to our
nematode screen. (A) Candidate introns are predicted using intronscan on both strands
of the D. melanogaster genome, yielding a total of ∼1.4 million predictions. (B) Inde-
pendent intronscan predictions in the other insect genomes are performed. Only those
D. melanogaster intron predictions are retained that have an orthologous prediction in at
least one additional genome. (C) A SVM classifier based on five features is used to distin-
guish positive (real introns, green) and negative training samples (false predictions, red).
These features measure characteristic splice site substitutions, sequence conservation in
the middle part of introns, and variation of the intron length, donor and acceptor score
between species. As indicated by the distributions, these features are highly discriminative
for positive and negative samples. Using this classifier we predict 369 conserved introns.
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Novel spliced transcripts. We used the SVM to evaluate the 342,785 predictions without
an overlap to annotated protein-coding transcripts on the same strand to uncover novel introns
and therefore novel transcripts. Using a stringent probability threshold of 0.95, we predict
369 real introns. We searched ESTs and non-coding FlyBase transcripts and found 131
(35.5%) introns where both SS are transcript-confirmed, with the rest (238 cases, 64.5%)
being currently unconfirmed (6 of these 238 have support of either the donor or acceptor
site). Of these 238 unconfirmed introns, 44 (18%) are supported by ESTs in other Drosophila
species. This indicates that our approach is successful in uncovering novel spliced transcripts.
Figure 3.6 shows examples of confirmed introns located in the 5’-UTR of genes, introns
belonging to intronic antisense transcripts, introns in potentially tissue-specific ncRNAs, and
introns of a structured ncRNA which serve as precursor for siRNAs [Okamura et al. 2008].
Novel spliced non-coding RNAs. We consider 29 of 129 introns (22%) to be bona
fide mlncRNAs. These candidates have predicted orthologous introns in species outside the
Sophophora subgenus (D. virilis, D. mojavensis, D. grimshawi), which indicates a potential
conservation over 63 My of evolution [Tamura et al. 2004].
In contrast to the ncRNAs identified by Tupy et al. [2005], our 129 introns are flanked by
regions of rather low sequence conservation (average PhastCons scores for the 100 nt up- and
downstream flanks: 0.25). Note that this is no indication that the predictions are not real.
Indeed, the seven unconfirmed introns that we experimentally verified (see below) show an
even lower flank conservation (average 0.21). A large fraction of these 129 introns overlap
coding genes in antisense direction (41 of 129; 32%); however, this is not surprising given that
almost half of the D. melanogaster genome is covered by exons and introns of coding genes
and the fact that many genes overlap each other on opposite strands [Misra et al. 2002].
Novel mlncRNAs are mostly unstructured. Our screen identified two introns located
in known mlncRNAs with extensive secondary structures (pncr009, CR32205; Fig. 3.6-D) that
function as siRNA precursors [Okamura et al. 2008]. To test if our predictions are associated
with conserved secondary structures, we applied RNAz to the regions flanking the 129 introns.
We obtained 2 (1.6%) predictions of conserved secondary structures. Since RNAz has a certain
false discovery rate, we used two control sets to test for enrichment or depletion of conserved
structures. 5,000 randomly selected genome regions and their shuffled versions show a highly
similar percentage of RNAz hits. We found that > 98% of our mlncRNA candidates are not
associated with conserved secondary structures, indicating that our method mostly predicts
unstructured mlncRNAs which cannot be identified by RNAz and related methods.
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Figure 3.6. Examples of transcript-confirmed intron predictions.
(A) A predicted intron is located in the 5’-UTR of the protein-coding gene CG14614, whose current
5’-UTR annotation consists of only 2 nt. (B) Example of a predicted intron that belongs to a
transcript overlapping an intron of dally in antisense direction. (C) Example of a predicted intron
that belongs to a potentially tissue-specific ncRNA, as 13 of the 14 supporting ESTs originate from
a salivary gland library (ESG01). (D) A predicted intron overlaps a non-coding FlyBase transcript
(pncr009) that has no intron annotation. pncr009 was described to be a structured precursor for
small interfering RNAs [Okamura et al. 2008]. (E) Example of a ’cluster’ of three introns within
∼400 nt. All three introns are predicted with probability > 0.999 and belong to a potentially coding
gene (blastx hits in several Drosophila species). Examples B-E illustrate that our approach finds
introns which are located in regions of low sequence conservation, indicated by low PhastCons
conservation scores up- and downstream of the intron.
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Figure 3.7. Experimentally verified introns in mlncRNA transcripts. The expres-
sion of spliced transcripts was tested in embryo (E), larva (L), pupa (P), male (♂) and
female (♀) stages. Ethidium bromide stained agarose gels show the RT-PCR results for
D. melanogaster. Expression data of the orthologous transcripts in D. simulans (D.sim),
D. erecta (D.ere), and D. pseudoobscura (D.pse) are shown below the D. melanogaster
(D.mel) data. Genomic DNA (gen.) was used as a PCR control and size was measured
according to a 100 bp Ladder (M). Each band in the genetic control column marks a hy-
pothetically unspliced transcript. Bands in each of the five developmental stages indicate
expressed transcripts. Whenever there is a length difference between PCR product and
genetic control (the bands are vertically shifted), we have verified a splicing event. PCR
products were verified by sequencing. +/++, expressed; -, no band; n.o, no orthologous
intron; n.t., not tested. Weaker and stronger expression in different stages are indicated
by band intensities and +/++, respectively.
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Figure 3.8. MlncRNA69E2 is alternatively spliced. MlncRNA69E2 produces two tran-
scripts differing by the use of the acceptor site, visible as two bands in Fig. 3.7. While
the proximal acceptor that corresponds to the predicted intron is deeply conserved, the
distal acceptor located 48 nt downstream is only conserved in the melanogaster subgroup.
Conserved sequence parts that are excluded in the shorter splice variant might suggest that
both transcripts differ in their function.
Experimental verification of predicted mlncRNAs. We used RT-PCR with primers
designed to flank predicted introns to validate expression of the corresponding transcripts
in five different developmental stages of D. melanogaster : embryo, larva, pupa, male, and
female. Introns are counted as verified whenever the transcript is spliced and sequencing
confirms the correctness of both SS.
We tested 12 introns that likely belong to mlncRNAs and could verify seven (58%) of them
(Fig. 3.7). We named these seven mlncRNAs according to their genomic location (cytogenic
band). Consistent with previous findings [Ravasi et al. 2006], the expression level of our
transcripts is low. Only two of the seven mlncRNAs can be found in all five tested conditions.
The other five show variations of the expression pattern during development which suggests
that their expression is controlled. MlncRNA69E2 shows two bands on the gel due to usage
of an alternative acceptor SS (Fig. S3.8) and the predicted intron corresponds to the longer
transcript.
Next, we tested 17 unconfirmed introns located in putative coding transcripts and verified 11
(65%) of them. This shows that novel mlncRNA and coding transcripts are roughly equally
likely to be verified in our experimental setup.
Overall, we verified 62% (18/29) of our tested predictions. As in all transcriptomic studies,
this percentage represents a lower bound as we miss transcripts expressed in other conditions
or at expression levels below our sensitivity.
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3.2.3 De novo intron prediction in nematode genomes
Machine Learning. Intronscan predicts a total of 582,915 short introns for C. elegans.
Only 44,469 (7.6%) have at least one ortholog and are considered in the following. 40,223
predictions overlap RefSeq or WormBase genes on the same strand. The great majority of
them (36,759; 91%) is real (both splice sites are annotated). 1,850 have one annotated splice
site and only 1,614 (4%) are unconfirmed. This low rate of potentially false predictions
indicates rather high specificity. We obtained an AUC of 0.803 for an independent test set,
see Tab. 3.1. The SVM can predict real introns with a true positive (TP) rate of 50% at 13%
false discoveries. A TP rate of 21% gives 1.3% false discoveries. This shows that we can at
least identify a subset of short nematode introns with high specificity.
p TPR FDR N EST confirmed
0.980 0.72 0.316 1,111 221 (19.9%) + 5∗
0.985 0.50 0.127 546 120 (22%) + 1∗
0.987 0.36 0.038 328 88 (26.8%)
0.989 0.21 0.013 194 54 (27.8%)
0.999 0.13 0.000 0 0
independent test set
AUC = 0.803
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Table 3.1. Performance of predicting introns in intergenic regions of nematode
genomes. Left: number of obtained predictions (N) for different confidence levels. Right:
receiver operating curve (ROC) for the test set. (p), probability threshold for the SVM
classifier; (TPR), true positive rate on the independent test set; (FDR), false discovery
rate on the independent test set; (N), number of predictions that do not overlap Ref-
Seq/WormBase genes on the same strand; (EST confirmed), number of predictions where
both splice sites are confirmed by ESTs. (∗), only one splice site is annotated.
Novel spliced transcripts. To predict novel transcripts, we used the SVM to filter the
4,246 predictions that do not overlap RefSeq or WormBase genes for reliable intron candidates.
At the stringent confidence threshold of 0.987, we predict 328 novel introns (Tab. 3.1 lists the
numbers for other thresholds). Examples passing the SVM are depicted in Fig. 3.9. C. elegans
ESTs confirm 27% (88/328) candidate introns which is a rather high validation rate given that
C. elegans has only about 350,000 ESTs. 44% (145/328) of positively and 16% (607/3,918)
of negatively classified introns overlaps WormBase pseudogenes. Remarkably, 51 of the 145
(35%) introns that overlap pseudogenes are EST confirmed. These pseudogenes seem to live
on on as spliced non-coding transcripts.
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Organism number of introns
WS190 WS204 blastx
C. brenneri 587 674 386∗
C. briggsae 564 782 372∗
C. elegans 1,111 1,220 683
C. japonica 208 331 135∗
C. remanei 628 666 415∗
P. pacificus 3 3 2∗
Table 3.2. Distribution of predicted introns in nematode genomes. The table gives
an overview of the total number of predicted introns for different species based on the
WS190 UCSC alignments. We lifted resulting intron candidates to the WS204 genomes
using blastn. Some introns map to several loci explaining the slight differences between
the WormBase releases. We provide the number of introns having blastx hits to the nr
database. These predictions are assumed to be part of protein-coding transcripts. We run
blastx with Caenorhabditis elegans query sequences only and, labeled by an asterisk, used
UCSC’s liftOver tool to obtain the corresponding coordinates for all other species.
Novel spliced non-coding RNAs. Of the 1,111 predicted C. elegans introns, 683 (62%)
have protein homology in their flanks and thus likely belong to protein-coding transcripts,
see Tab. 3.2. Excluding introns with protein homology and predictions overlapping repeats
or pseudogenes leaves 411 candidate introns of putative spliced ncRNAs. Assuming that the
FDR estimate of 31.6% applies to these introns as well, we have likely identified 281 (411
* (100%-31.6%)) introns belonging to ncRNAs. Using the more stringent SVM probability
cutoff 0.987 and discarding repeats, coding, and pseudogene loci, we obtain 255 introns. The
FDR estimate of 3.8% indicates the existence of 245 real introns.
Roughly 11% (119/1,111) of the initial set of candidate introns are short read confirmed.
We concatenated 26 nt of each intron-flank to a 52 nt long putative mRNA fragment and
performed a blastn search of the 36 nt long short reads of SRP000401 (Illumina sequencing of
Caenorhabditis elegans RNAseq random fragment libraries, see Hillier et al. [2009], 16,384,425
individual read sequences), against these exon-exon-junctions. Since the given reads were 36 nt
long and we only considered blast hits with ≥ 34 nt alignment length at ≤1 mismatch, we
implicitly enforced the reads to cover both exons, at least 8 nt for one of the two exons. An
intron was counted as read-supported whenever the exon-exon-junction was indicated by at
least 3 reads. It turned out that 47 introns are supported by reads that fully align with the
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Figure 3.9. Examples of nematode intron predictions. (A) Putative extension of a
known protein-coding gene; the depicted intron has significant short read support (at least
371 short reads align better with the exon-exon-junction than they map to the genome).
(B,C) EST-confirmed introns; (E,F) Blocks of high sequence conservation interrupted by
predicted introns are likely to represent novel exons.
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particular exon-exon junction but can not be mapped to the genome. Practically, we only
investigated almost perfect alignments (≤ 1 mismatch) of reads against the genome or the
exon-exon-junctions and therefore enhanced protocols or sophisticated mapping algorithms
are likely to confirm many more of our predictions.
3.2.4 Discussion
We describe here a method that predicts intron-containing transcripts by making use of evo-
lutionary characteristics of conserved introns and the observation that introns rarely turnover
or shift with respect to the exons. It is important to note that we solely use intron infor-
mation. We identify novel (1) protein-coding transcripts, UTRs, as well as mlncRNAs, (2)
transcripts without conserved secondary structures, and (3) transcripts without evolutionary
conserved sequences (see Fig. 3.6). The latter property is important as functional ncRNAs
do not necessarily have significantly conserved sequences [Pang et al. 2006].
While our approach is unbiased with respect to these characteristics, it has limitations. Our
method predicts only a partial transcript structure which in general will have to be completed
by experimental approaches, such as full-length cDNA sequencing. However, gene prediction
algorithms that predict only the CDS and high throughput transcriptomic techniques suffer
from the same problem. Here, we focused on short introns, consequently transcripts containing
exclusively longer introns cannot be predicted.
Furthermore, we currently classify introns with a conserved intron body as false, because the
great majority of real introns shows no sequence conservation in the middle. Thus, introns
overlapping other functional elements such as putative promoter elements, introns that are
miRNA precursors [Okamura et al. 2007, Berezikov et al. 2007], or retained introns that
encode a protein domain [Hiller et al. 2005] are unlikely to be predicted.
Apart from the motivation to identify novel mlncRNAs, we aimed at predicting putatively
functional mlncRNAs as opposed to transcriptional noise. Despite the observation that our
predictions are generally not associated with strong sequence conservation, the detection of a
conserved intron indicates that the exon-intron structure is under purifying selection and that
the failure to correctly excise the intron likely affects the function of the transcript. Consistent
with this, mlncRNA sequences, their splice sites, and promoters show reduced substitution,
insertion, and deletion rates indicative of purifying selection [Ponjavic et al. 2007]. Further-
more, we showed that conserved introns imply that the respective transcripts are expressed
in other flies. While conserved intron structure and conserved expression indicates function,
the specific functional aspects of these mlncRNAs have to be addressed in future studies.
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3.3 Splice site anchored gene finding in the human genome
Introduction. We have previously demonstrated that de novo gene finding based on the
prediction of short conserved introns is capable to reveal novel transcripts in insect genomes,
even in well-studied model organisms like D. melanogaster or C. elegans, see section 3.2.2 and
3.2.3.
In the literature, the majority of fly introns (54%) has been estimated to be shorter than 81 nt
[Mount et al. 1992, Lim & Burge 2001]. Today, ∼47% of all known introns, as annotated by
the current FlyBase gene track of the UCSC Genome Browser, are such short introns. They
exhibit a series of common sequence features which we utilized for computational analyses.
Studying vertebrate introns, the situation however dramatically changes.
In general, eukaryotic pre-mRNAs are spliced several times since they usually contain more
than one intron. Today, we even know genes containing several hundred introns, e.g. the
nebulin encoding NEB gene (>180 exons) or the titin encoding TTN gene (>360 exons)
[Bang et al. 2001, Donner et al. 2004]. Vertebrate introns are much more variable, especially
in size, compared to introns of more basal organisms. Back in 2004, for example, one of the
longest observed introns within genes of the human X chromosome sized more than 490 kb and
standard deviations of intron lengths exceeding 20 kb have been reported for other human
chromosomes [Sakharkar et al. 2004]. Today, we know of genes encoding transcripts that
contain introns with sizes way beyond 1Mb, e.g. the pre-mRNA of KCNIP4, the Kv channel
interacting protein 4, a representative of a family of calcium binding proteins implicated in the
modulation of A-type potassium channels [An et al. 2000, Pruunsild & Timmusk 2005]. The
average intron length of the current Ensembl gene annotation is roughly 6 kb. Thus, splice
site (SS) anchored vertebrate gene finding can not reliably be performed by simply rerunning
our previously applied insect-specific protocol. By design, the latter procedure is limited to
detect short introns and this obviously conflicts with the highly variable and fundamentally
larger size of vertebrate introns.
In the following, we introduce a novel gene finding approach based on vertebrate splice site
prediction. We follow the previously described idea to detect insect mlncRNAs by intronic
sequence features but essentially adjust and improve it to an enhanced protocol facing pecu-
liarities of vertebrate introns. We demonstrate its validity by application to a comprehensive
genome-wide 44-way vertebrate alignment.
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3.3.1 Methods
Since this section contains unpublished work, we describe underlying methods in more detail
compared to previous projects.
Alignments, genomes, annotations. We downloaded the genome-wide 44-way verte-
brate multiple alignment (reference: hg18, format: MAF) and the following annotation
tracks from the UCSC Genome Browser [Kent et al. 2002, Karolchik et al. 2004, Kuhn et al.
2009, Rhead et al. 2010]: UCSC Genes (66,803 transcripts), RefSeq Genes (32,089 transcripts)
[Pruitt et al. 2005], Human mRNAs (264,705 alignments), Human ESTs (7,966,310 transcripts),
site-specific PhastCons scores [Siepel et al. 2005], and the phylogenetic tree of the 44-way
alignment. Pseudogenes were annotated according to the Yale (33,324 entries) and the UCSC
(36,909 entries) tracks of the UCSC development browser (http://hgwdev.cse.ucsc.edu/).
De novo splice site prediction. We trained SVMs to solve the binary classification
problem of de novo SS prediction. Therefore, we compiled three disjoint sets of (1) positive
and (2) negative samples to train and test individual donor and acceptor SVM models and (3)
a set of candidate sites to be classified by the SVM forming our search space for putative novel
SS. To this end, we filtered the 44-way alignment for GT (5’, donor) and AG (3’, acceptor)
dinucleotides (both reading directions) which are conserved in at least five species, possess
enough informative aligned flanking sequence due to the sequence logos presented in Fig. 3.3,
and rejected all sites with a MaxEntScan [Yeo & Burge 2004] score below 0 (see Fig. 3.10). The
MaxEntScan authors provide models to discriminate human 5’ and 3’ SS from decoys based
on maximum entropy which we utilize as a pre-filter to avoid trivial comparisons. Alignment
blocks had to contain the nucleotides of the region [−3, 5] for donors and [−19, 1] for acceptors
(position 0 of each interval corresponds to the first/last G of an intron). We did not consider
alternative non-GT/AG SS. The positive set contained SS of the UCSC, RefSeq, and the Human
mRNA gene tracks. Negatives were given by the remaining complement of these genic sites,
namely sites within introns, exons, or untranslated regions (UTRs). Therefore, we can only
predict novel intergenic SS. To evaluate the performance of the SVM classifier, we put all
non-genic but EST-confirmed sites into the set of putative novel SS. The majority of them
are real experimentally verified SS but are not part of an official gene track, yet.
Given all positives (∼200k) and all negatives (∼12mio), we generated five representative
sample sets, each containing 55k randomly selected SS, in order to compute substitution
scores and to efficiently train/test donor-/acceptor SVMs. For each set, we trained SVMs
with all except 5k randomly chosen positives and 5k randomly chosen negatives (rbf-kernel,
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Figure 3.10. Distribution of MaxEntScan scores. The histograms are based upon scores
for real (pos), false (neg), and intergenic (novel) SS from chr21. A threshold of 5 seems to
be appropriate to capture the majority of true SS. However, we took 0 in order to reduce
the chance of missing important real sites when classifying the intergenic set, especially
in the light of a series of real SS exhibiting negative MaxEntScan scores.
c = 1, g = 0.0909). Each training-set thus comprised 100k sites (50k positives and 50k
negatives) and the remaining 10k were used to test the resulting models. We kept the two best
performing 5’ and 3’ SS models and classified the broad set of intergenic candidates (∼54mio)
to identify novel SS. We evaluated SVM performances by receiver operating characteristics
(ROC), expressed in a single number, the area under the ROC curve (see Fig. 3.12). The
optimal AUC value of 1 is only assigned to errorless classifiers. Observed AUC values were
nearly identical among all sets, demonstrating that random sampling did not bias our data.
Splice site classification was based upon the following features:
(1) Human MaxEntScan SS score.
(2-4) Log-odds substitution scores stree, spair, smedian.
(5) Number of species in the alignment
(6) Number of species with conserved GT/AG dinucleotides and a MaxEntScan score ≥ 0.
(7) Slope of a regression line fitted to the SS PhastCons sequence conservation profile.
(8) Average PhastCons score.
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(9) Average GC content.
(10) Mean pairwise identity (MPI).
(11) Normalized Shannon Entropy
We evaluated the donor region [-3,5] and the acceptor region [-19,1] to compute the three
substitution score variants, the average GC content, the MPI, and the normalized Shannon
Entropy. Given the alphabet Σ = {A,C,G, T}, we measured an alignments information
content by computing the information contents expectation value, better known as Shannon
Entropy H:
H = −
1
L
L∑
i
∑
j∈Σ
pij log2 p
i
j (3.1)
where pij denotes the frequency of the character j in alignment column i divided by the
number of sequences in the alignment. This defines the normalized Shannon Entropy as
the sum of Shannon Entropies of the individual columns divided by the total length L of
the alignment. Sequence conservation was measured by analyzing the PhastCons profile
of SS regions. In particular, we performed a linear regression based on PhastCons scores
of the region [-20,+20] and used the slope of the resulting regression line and the average
PhastCons score of this region as SVM features. We always used gap-free subsequences to
compute sequence-based scores, since we could not recognize significant differences between
score distributions of aligned and unaligned SS regions.
Log-odds substitution scores. We computed three variants of species-specific substitu-
tion scores: stree, spair, and smedian. Basically, we evaluated substitution frequencies between
real and false SS in a preprocessing step and, while classifying the intergenic set, we searched
for genomic regions specifically matching these previously recognized SS substitution patterns.
To compute score stree, we reconstructed ancestral sequences for each SS region using prequel
[Siepel et al. 2005]. It computes marginal probability distributions for bases at ancestral
nodes in a phylogenetic tree. For each edge of the reconstructed binary tree and for each
site i of each two related sequences having length `, we columnwisely counted the number of
substitutions of nucleotide xi to nucleotide yi (x 6= y and x, y ∈ Σ,Σ = {A,C,G, T}). We
computed the transitive closure of the 44-way species-tree by adding additional edges between
ancestral (inner) and corresponding child nodes to keep track of all possible outcomes of the
reconstruction process, see Fig. 3.11. For each edge e ∈ E of the closure graph and for
each alignment column, we particularly tabulated the log-odds ratio of the total number
of pairwise substitutions observed between all positive and negative training samples. The
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closure simply constitutes an extension of a usual phylogenetic tree in which vertices represent
species (sequences), leaves are extant and inner nodes are ancestral ones but edges now also
directly connect related pre- and successors. Since not every alignment contains all 44 species,
these additional edges are necessary to protocol substitution frequencies for all reconstructed
sequence pairs. The precomputed log-odds are designed to model SS evolution: Given a set
of sequences, the sum of all log-odds of all observed substitution events, formally written as
stree =
∑
e∈E
∑
i
log2
(
f ipos(x→ y)/
∑
n∈Σ f
i
pos(x→ n)
f ineg(x→ y)/
∑
n∈Σ f
i
neg(x→ n)
)
(3.2)
expresses whether the region of interest is in conformity with real SS (stree > 0) or not (stree
< 0). The more substitutions being consistent with SS evolution, the higher the total score.
Score spair basically equals to the log-odds substitution score we have successfully applied
to detect novel transcripts in insect and nematode genomes (see section 3.2). Similarly, we
counted substitution frequencies of each SS position of human against each other species,
learned the log-odds ratio of positive and negative samples, and scored intergenic candidates
with the sum of of observed log-odds. Inspired by the CNF-metric for codon substitution
frequencies (see supplemental material of [Stark et al. 2007a]), we trained the SVM with an
additional log-odds score smedian. Similarly to spair, we summed up log-odds for each SS
position but, instead of totaling the position-specific scores, took the median of all interme-
diate totals. Since SVM training- and test-set have to be independent (disjoint), log-odds
substitution scores were always learned on training-sets, never on test-sets.
Exons, introns, and complex gene structures. Exons are enclosed by acceptor/donor
pairs of the same reading direction and, conversely, introns are due to donor/acceptor pairs.
Based upon all candidate SS (p > 0.5), we greedily computed all possible exon- and intron-
combinations. The average exon length of the current (Jan 2010) hg18 Ensembl gene annota-
tion track is ∼255 nt (∼5950 nt for introns). Therefore, we considered all donor/acceptor pairs
with a maximal distance of 300 nt as putative exon and acceptor/donor pairs with a maximal
distance of 5 kb as putative introns. Consciously, we limited the length of intronic blocks to a
lower bound (5 kb) of the average size of known introns because the number of false positives
grows obviously faster with longer block sizes than the number of true positives. Contrary,
we set the exon length threshold to an upper bound of the average length of known exons,
since exons are significantly shorter and the number of SS-defined exon candidates remains
manageable.
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Figure 3.11. Substitution frequencies. Here, we present a toy example illustrating our
strategy to protocol substitution frequencies. Consider a 3-way alignment of a particular
splice site. (A) We reconstruct ancestral sequences using prequel and (B) want to log
observed substitutions with respect to the underlying phylogeny. Basically, we only have
to track the single substitution G to A from position +4. The goal is to assign labels to
corresponding edges with the respective frequencies and later transform these frequencies to
log-odds substitution scores using equation 3.2. The topology (here illustrated in red) of a
phylogenetic tree underlying an alignment with fewer than 44 species , which is the case for
most real data alignments, obviously differs from the topology of the full 44-way species
tree (a subtree is drawn in black). For example, there is no direct link (a single edge)
between the “last common ancestor (LCA) of human (hg18)/mouse (mm9)” and human.
Red arrows indicate missing edges in the depicted example. The transitive closure of the
44-way tree allows the intended mapping, since it contains additional edges (among them
the “red arrows”) to which we can assign our substitution frequency labels for all possible
outcomes of the reconstruction process (e.g. the edge connecting the LCA mm9-ochPri2
and mm9 to which we assign our single G to A substitution from splice site position 4).
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Candidate exons. To increase significance, we trained an additional SVM (rbf kernel,
c = 2048, g = 0.03125) and identified a subset of meaningful prime-candidates that resemble
characteristics of transcript-confirmed loci. Exclusion of transcriptional artefacts by requiring
that ≥ 2 spliced ESTs and ≥ 20% of all spliced ESTs at a certain locus must confirm our
predicted exon and that both SS had to be conserved in≥ 5 species, leaves 274 predicted exons
which are most likely real. We used them as positive set, all others as negative set, and trained
a second SVM (rbf kernel, c = 2048, g = 0.03125) to identify a subset of meaningful prime-
candidates that resemble characteristics of transcript-confirmed loci. Out of all positives, we
randomly selected 50 samples to test and kept the remaining 224 to train the model. Out of
all negatives, we randomly chose a subset of 600 samples to reduce computational complexity
and split it to a negative test-set (training-set) of size 100 (500). We repeated this procedure
ten times, kept the best performing model with respect to sensitivity and specificity, and
classified the whole exon candidate pool to detect exons that exhibit signatures specific to
EST-confirmed loci. The EST-model was trained with six features:
(1) Acceptor SVM classification probability
(2) Donor SVM classification probability
(3) Exon length
(4) Number of species conserved in both SS
(5) Fraction of (4) and the number of species with conserved AG in the acceptor alignment
(6) Fraction of (4) and the number of species with conserved GT in the donor alignment
Candidate gene structures. We used a simulation test to determine if exons have the
tendency to occur clustered (defined here as ≥ 2 exons maximally separated by 6 kb on the
same strand). It is crucial to control for statistical significance, since a higher number of
exons implies a higher number of clusters. Exon clusters only reliably indicate novel genes
if the number of observed clusters differs significantly from the background. To generate a
background distribution, we selected as many rejected exons (p
EST−SV M
≤ 5) as we observed
positively classified clustered exons (p
EST−SV M
> 0.5) and counted the number of (random)
clusters. Repetition of this sampling procedure (10,000 times) yields empiric P -values which
indicate the statistical significance of a predicted exon clusters, see Tab. 3.6. Single exons
producing a blastx hit against NCBI’s nr database (-e 1e-5, -F F, -S 1) were annotated as
“coding”, otherwise “non-coding”. Exon clusters without any coding exons were annotated as
non-coding. To further estimate and evaluate protein-coding potentials we applied RNAcode
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[Washietl et al. 2010] (-b -r -s -p 0.01) to the 44-way alignments of chr21. In cases of over-
lapping exons, we selected one representative according to the highest SVM class-probability
to generate gene structures. In turn, without limiting the number of predicted isoforms, we
considered all combinations of exon-exon-junctions of adjacent exons.
3.3.2 Results
De novo splice site prediction. Figure 3.12 outlines our approach. We compiled 208,282
real already annotated SS, 12,618,295 false unannotated intragenic SS, and a broad set of
54,644,878 intergenic SS-like loci from the 44-way alignment. These three disjoint sets allow
us to predict novel splice sites via supervised machine learning. We applied support vector
machines (SVMs) to train computer models that are able to discriminate between real and
decoy SS. We obtained AUCs of ∼0.965 and ∼0.946 for the best donor and acceptor models.
Given 5k test sites, we estimate to correctly classify ∼89% of all donors at ∼4% false discov-
eries and ∼84% of all acceptors at ∼8% false discoveries (p > 0.50). In general, specificity
can be increased at cost of sensitivity by raising underlying confidence cutoffs. The amount
of false discoveries in our result-set can be reduced by the compromise of a lower true positive
recall rate. At stringent SVM class-probability thresholds, e.g. p > 0.95, the percentage of
false discoveries drops way below 1%, while still 77% (65%) of real donor (acceptor) sites are
correctly identified. This demonstrates that our approach is capable to identify SS at high
specificity. In total, tens of thousands of putative novel 5’ and 3’ SS pass the SVM, depending
on the applied SVM class-probability cutoff, see Tab. 3.3.
Although quite rarely, functional SS are found at repeats or antisense to protein-coding exons.
Our positive set of real SS contained 8,457 sites at repeats and 2,202 were antisense to
protein-coding exons of the UCSC/RefSeq gene annotation. Therefore, we did not reject such
predictions.
In total, ∼105k of all processed candidate sites (∼54mio) were transcript-confirmed by EST
data. Of these, however, only a minority of roughly 2k donor and 2k acceptor sites were
classified with highest SVM class-probabilities. With increasing probability (0.5→ 0.99), we
nevertheless notice a significant enrichment of EST-supported SS passing our SVM classifiers:
1.6% (p > 0.5) vs 9.8% (p > 0.99) for donors and 0.8% (p > 0.5) vs 3.4% (p > 0.99) for
acceptors (Fisher’s exact test: p
DO
< 1.48e − 14 and p
ACC
< 5.81e − 05). Analogously, we
enrich SS that are confirmed by competing gene finding approaches: at p < 0.5 (p > 0.9)
we recover 16,324 (5,688) donors and 18,686 (6,847) acceptors that are already listed in the
UCSC Genome Browser, see supplement.
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Figure 3.12. Overview on the computational procedure to identify novel spliced
transcripts in vertebrates. In a preprocessing phase we firstly filtered and partitioned
the 44-way alignments into three disjoint sets of GT and AG dinucleotides. We distin-
guished between (a) real SS (these are already annotated), (b) false SS (GT/AG din-
ucleotides that are similar to real SS but are located within exons or introns), and (c)
the remaining set of intergenic SS candidates. Second, we compiled a set of evolution-
ary signatures that are characteristic for vertebrate SS and applied supervised machine
learning to build donor- and acceptor-specific SS models. These were then used to clas-
sify the intergenic candidate set as either real or false SS. In a post-processing phase we
thirdly computed novel gene structures from predicted SS. Based on predicted splice sites,
we derive putative novel exons, introns, and complex gene structures. Especially the latter
constitute seeds for novel spliced transcripts. Note, for example, our predicted and EST-
confirmed human intron at the bottom left (green bar). It basically lacks any sequence
conservation (as indicated by the PhastCons profile) which is typical for many ncRNAs.
However, we can detect it via splice site prediction.
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novel donors novel acceptors
p TP FP total ESTs reads TP FP total ESTs reads
0.50 88.98 4.24 903,796 13,782 3,320 83.90 8.00 2,283,934 17,632 3,866
0.80 83.70 1.44 302,633 7,656 1,944 75.18 3.08 762,462 10,513 2,081
0.90 80.72 0.70 153,057 5,381 1,424 70.44 1.42 382,704 7,295 1,414
0.93 79.02 0.56 112,010 4,604 1,270 67.42 0.90 272,120 5,963 1,172
0.95 77.52 0.32 85,045 4,065 1,144 65.42 0.66 198,085 4,864 991
0.98 73.08 0.12 41,862 2,889 835 58.90 0.40 84,539 2,806 603
0.99 68.58 0.08 24,426 2,179 655 53.50 0.16 44,876 1,878 433
Table 3.3. Statistics of vertebrate splice site prediction. For both donor and accep-
tor predictions we provide the percentage of expected true and false positives (TP , FP ),
the total number of predicted SS candidates, and the corresponding subsets of transcript-
confirmed (ESTs, reads [Wang et al. 2008]) with respect to different class-probability
thresholds (p). In total, we analysed ∼20 million potential donors and ∼34 million po-
tential acceptors of which ∼105k were already EST-confirmed.
Improved log-odds substitution scores. The SS SVM models are based on eleven fea-
tures which we solely obtained from genomic sequence data. They capture various aspects of
evolutionary conserved SS, see methods. Figure 3.13 illustrates particular score distributions
and, expressed as AUC values, gives an overview on the discriminative power of each fea-
ture to distinguish between real and false SS. We introduce a novel log-odds scoring scheme
that considers the phylogeny underlying the applied sequence alignments, see methods. It
outperforms pairwise log-odds substitution scores which we have previously used to evalu-
ate SS in insect and nematode genomes (see section 3.2). It superiorly separates real from
false SS, since it yields significantly higher AUC values (0.8174, 0.8376) compared to the
pairwise variant (0.6461, 0.7244). Apparently, our method more precisely reflects actually
occurred substitution events. In a worst case scenario, n− 1 pairwise substitution events can
be observed between a reference and all other species in a column of an n-way alignment.
By design, frequent substitution events should result in a high substitution score and, vice
versa, a high substitution score should reflect a series of substitutions events. However, it
could happen that almost all nucleotides of an alignment column are identical, maybe only
the reference sequence differs. Such an alignment is either due to misalignment or, following
the maximum parsimony principle, can best be explained by a single substitution event in the
reference rather than a series of substitutions in the remaining n − 1 species. The pairwise
method results in a high score, although the sequences most likely have only undergone one
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Figure 3.13. Score distributions of splice site features. For both donors (top row)
and acceptors (bottom row) the figure depicts the score distributions for all positive and
negative SVM training samples. AUC values indicate the ability (1 is the optimum) of
each feature to distinguish between real and false SS. The MaxEntScan and the improved
tree-based log-odds scores are key features of our approach. Some ordinary features, like
GC-content, badly separate the training data on their own. However, they contribute to
the overall AUC when the model is trained with all features, see supplement. The AUC
values reveal that the novel tree-based log-odds substitution scores (second boxplot from the
left) are superior to the pairwise method of previous studies (third boxplot).
single mutation event. Our method recognizes such events and, by design, outputs low scores,
since it is based upon reconstructed ancestral sequences. The tree-based log-odds scores of
all non-coding SS of the training-set average to 37.35 in contrast to 0.26 for an equal amount
of randomly chosen negatives.
Exons, introns, and complex gene structures. To infer novel gene structures, we re-
lated compatible adjacent donor and acceptor pairs and defined auspicious exon/intron candi-
date units. A set of predicted exons in close proximity likely indicates a novel gene. SS-inferred
exons can, by design, never be the first or the last exon of a gene. Taken to extremes, genes
with a single intron can only be identified by their intronic block using our approach. In
total, we preliminary retrieve 304,179 exons and 2,966,122 introns from the pool of predicted
SS. A high number of species with conserved GT/AG dinucleotides in alignments of both SS
indicates deep evolutionary conservation and together with the SVM class-probability con-
stitutes an eligible filter for promising exon/intron candidates, see Tab. 3.4 and Fig. 3.14.
Conservation of SS among species is a crucial prerequisite for a reliable prediction. Since
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No. of species exons introns
p > 0.5 p > 0.9 p > 0.5 p > 0.9
>10 231,577 29,035 1,347,045 144,472
>15 182,058 25,766 740,221 102,793
>20 112,592 18,670 330,490 56,305
>25 51,251 9,554 113,531 21,724
>30 17,395 3,140 28,863 5,665
>35 2,497 541 3,461 739
>40 118 36 134 30
Table 3.4. Evolutionary conservation of predicted exons/introns. The table lists
the number of exon (intron) candidates with respect to lower bounds of the number of
conserved species in both SS at different SVM class-probabilities. Here, while restricted to
SS with class-probabilities above 0.5, p denotes the average of both SS SVM probabilities.
See Fig. 3.14 for a heatmap of these data and further interpretation.
introns are usually way longer than exons, we generate many more preliminary introns than
exons and hence it is likely to obtain more erroneous introns than exons. Figure 3.14 reflects
this issue: the number of conserved species between two particular SS is significantly higher
for exons than for introns.
Candidate exons. Roughly 16% (47,681) of preliminary exons have at least one and ∼7%
(22,621) have both SS at an annotated repeat. 603 are annotated as pseudogenes. However,
22% (132/603) of these are confirmed by EST data. In total, we observe 1,512 transcript-
confirmed exon candidates. Of these, ∼60% (910/1,512) are only supported by one single
EST. These results suggest that it is crucial to distinguish between regular isoforms and in-
frequent transcripts. Rare alternative variants are often due to spliceosomal malfunctions,
artefacts, or misannotation and should be excluded. Therefore, we collected 274 predicted
exons with sufficient EST support (see methods) which we consider to be clear true posi-
tives, and, instead of manually choosing arbitrary cutoffs, trained a second SVM in order to
distinguish between regular alternatively spliced isoforms and banal transcriptional errors.
Application of the model to the remaining exon candidates allows to harvest predictions with
intrinsic similarities to transcript-confirmed exons. Depending on the particular SVM classi-
fication probability, the EST-SVM model stringently filters 90% of the input set and reduces
the exon candidate pool to 29,580 (p > 0.5), 5,331 (p > 0.8), 1,261 (p > 0.9), or 289 (p > 0.95)
top candidates exhibiting EST characteristics. Only 5% (1,394/29,580) align to proteins of
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Figure 3.14. Exon/intron density heatmaps. The figure illustrates the number of species
that are conserved in sequence alignments of two particular SS enclosing predicted exons
(top) or introns (bottom) in dependence of their average SVM class-probability. Requiring
≥ 10 conserved species in both SS seems to be appropriate to filter for reliable exons.
Below, we assume to observe either false positives, or more intuitively explaining the
second peak at ∼5 species, genes that are specific to certain subgroups, e.g. primates or
teleosts. However, we can conclude that our data contain exons as well as introns with
evolutionary well-conserved SS and reasonable SVM-probability.
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the NCBI nr database (blastx) and seem to be homologs of known protein-coding genes. Of
these, 26% (359/1,394) have stop-codons in all three reading frames and thus likely belong
to non-coding isoforms of protein-coding genes. Restricted to chr21 as a test scenario, 7%
(158/2,410) of our preliminary exon candidates and 9% (28/299) of the EST-SVM-derived
exons exhibit protein-coding potential as indicated by RNAcode [Washietl et al. 2010] (37%
and 34% if the RNAcode-predicted strand is neglected). This is in agreement with the num-
ber of predicted exons with blastx-assigned protein homology. Therefore, we conclude that
the majority (28,186) of our top exon candidates is indeed non-protein-coding. According to
RNAz, only 305 of these exons exhibit conserved and stable RNA secondary structures.
Candidate introns. Following the idea of generating exons by pairs of predicted SS, we also
searched for novel transcripts via SS-derived introns. In contrast to exons, score distributions
based on compositional features of introns (e.g. length) usually exhibit higher variances due to
the diverse and heterogeneous nature of eukaryotic introns. This complicates or probably even
excludes an automated SVM-based filter to obtain reliable intron predictions. Therefore, we
applied own (arbitrary) thresholds (see supplement) to downsize the set of preliminary introns
(∼2.96mio, 1,454 EST-confirmed) to 3,358 top candidate introns (93 EST-confirmed) — a
69-fold enrichment for EST-confirmed candidates (Fischer’s exact test: P -value = 1.19e−85).
Candidate gene structures. On average, according to current Ensembl annotation, hu-
man genes contain roughly nine introns with a mean intron length of 6 kb. Therefore, we
expect to observe clusters of predicted exons in close proximity which likely indicate new
genes. Almost 12% (3.671/29,580) of all EST-SVM-derived exons (p > 0.5) are maximally
separated by 6 kb amounting to 1,687 putative exon clusters. We identify up to 13 adjacent
exons putatively belonging to the same gene fragment. Interestingly, only ∼18% (479/2,664)
of exons with assigned protein-homology can be clustered, the vast majority is indeed located
at intergenic non-coding regions, see Tab. 3.5. A simulation (see Tab. 3.6 and methods) shows
that clustering of top exon candidates (approx. p > 0.8) yields significantly more clusters than
expected by chance, providing evidence for the existence of multi-exon transcripts. Below this
significance level, it might be trivial to observe more non-coding than coding clusters (1,082
vs. 192), since the majority of human DNA per se is considered to be non-coding. In line with
results of the nullmodel simulation, we enrich clustered non-coding exons by raising the SVM
class-probability from p > 0.5 to p > 0.8 (Fisher’s exact test: P -value = 1.96− 14). However,
we still observe coding exon clusters at high probability thresholds which are prime candidates
for novel protein-coding genes. Clustering (p > 0.5, d > 6 kb) restricted to non-coding exons
(28,186) leaves 1,501 seeds for putative novel spliced non-coding transcripts.
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No. of clusters No. of exons
p total coding non-coding total coding non-coding
>0.5 1,687 361 1,326 3,671 479 3,192
>0.6 897 196 701 1,943 261 1,682
>0.7 393 88 305 857 117 740
>0.8 152 21 131 331 32 299
>0.9 32 2 30 73 3 70
Table 3.5. The majority of clustered exons is non-coding. The table lists the number
of clusters and underlying exons (d ≤ 6k) in dependence of SVM class-probability (p) and
observed protein-homology. A cluster is considered to be non-coding if none of its exons
has a blastx hit to the nr database.
distance ≤1k distance ≤6k
true background true background
p
SV M
card. cl. ex. cl. ex. P-value cl. ex. cl. ex. P-value
>0.5 ≥ 2 662 1377 9906 1478.4 0.9906 1687 3671 10000 4129.4 1.0000
≥ 3 45 143 2069 122.7 0.2069 205 707 9827 753.7 0.9827
>0.6 ≥ 2 374 774 298 696.4 0.0298 897 1943 9812 2005.6 0.9812
≥ 3 23 72 138 43.0 0.0138 103 355 495 277.2 0.0495
>0.7 ≥ 2 181 374 0 253.6 <0.0001 393 857 482 749.6 0.0482
≥ 3 9 30 60 9.7 0.0060 49 169 0 68.1 <0.0001
>0.8 ≥ 2 72 150 0 63.4 <0.0001 152 331 0 190.5 <0.0001
≥ 3 5 16 0 1.4 <0.0001 18 63 0 9.8 <0.0001
>0.9 ≥ 2 16 35 0 4.2 <0.0001 32 73 0 12.7 <0.0001
≥ 3 1 5 0 0.0 <0.0001 5 19 0 0.2 <0.0001
Table 3.6. Significance of gene prediction via distance-based exon clustering. In
dependence of SVM class probability, cumulative cluster cardinalities (card., the minimal
required number of exons per cluster), and two different intron length thresholds (≤1k,
≤6k), we tabulate the number of clusters (cl.) and involved exons (ex.) obtained from
our set of predicted exons (true) and a randomly selected set of exons (background). We
depict the average number of exons per cluster observed in a series of 10,000 trials. The
frequency of observing an equal or higher amount of clusters in randomly selected exons
compared to our amount of actually observed clusters in 10,000 iterations gives empiric
P-values that approximate the probability to obtain a particular amount of clusters by
chance. Its unlikely that clusters with high cardinality consisting of exons with sufficient
SVM class-probability are result of chance. See supplement for more details.
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Short read confirmation. Wang et al. [2008] identified a broad set of 13.8mio short
read confirmed exon-exon-junctions and 1,413 novel exons by deep sequencing of 15 human
tissue and cell line transcriptomes. In total, their data confirm 7,061 of our predicted SS
(3,260 donor, 3,801 acceptor sites). However, only 13 of their novel exons are also found
by our EST-SVM. At p > 0.5 we obtain 2,512 exon-exon-junctions of adjacent exons (216
at p0.8, 52 at p > 0.9). Roughly 85% (44/52) of all high-scoring junctions (24 at p > 0.8,
11 at p > 0.9) are short read confirmed according to Wang’s published junctions. Their
mappings indicate abundant transcription of 1,638 EST-SVM-derived exons, see supplement.
Since the union of read-confirmed exons over all tissues/cell-lines is way higher than each
particular number, we conclude that these genes must be coordinately transcribed. Their
transcription appears to be regulated, since it is tissue and cell-type dependent, and resulting
transcripts potentially exist at certain developmental stages or a short period of time only.
De novo identification of SS, exons, or exon-exon-junctions based on short read data largely
depends upon the underlying mapping protocol. Therefore, we re-mapped the available reads
to our exon-exon-junctions (see supplement) which additionally confirmed 66 of our exon-
exon-junctions. Of these, however, only 10 were previously described by [Wang et al. 2008],
the remaining 56 belong to putative novel transcripts. For example, one of the top-scoring
(p > 0.9) read-confirmed exon clusters consists of exons of previously unannotated NEB-
isoforms, see supplement. Only ∼5% (122/2,512) of all exon-exon-junctions can be annotated
as protein-coding mature mRNAs, since they have continuous blastx hits to proteins of the nr
database. The majority of predicted junctions, however, seems to belong to novel non-coding
transcripts.
Refinements of annotation. Worldwide, numerous scientific groups contribute to the an-
notation of the human genome. Its annotation is regularly (daily) updated. Therefore, we
expect that at least some of our annotations, independently of us, were also found by others.
During this project, the number of RefSeq annotated transcripts grew from 32,089 to 34,418
and today indeed 68 of our predicted exons are already part of the RefSeq database (27 of
them passed the EST-SVM). These predictions are obviously correct and convincingly con-
firm our method. Figure 3.15 finally depicts some prime candidates illustrating our approach
in more detail. It displays experimentally validated working examples as well as putative
refinements of existing gene annotations. Fig. 3.15-A depicts in silico predicted and in vivo
validated transcripts of unknown function. Different gene finders virtually agree about the
gene structure at this locus (A1). Several exon/intron boundaries are confirmed by spliced
reads. However, we performed RT-PCR and subsequent cDNA sequencing to confirm our
predictions and revealed surprisingly pervasive transcription (A2). We observed five alter-
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native isoforms in prostate cancer cells (three in LNCaP cells, three in RWPE cells, one is
present in both lines) with profoundly longer exons than anticipated. These exons are neither
indicated by state-of-the-art gene finders, nor by ESTs, deep sequencing data, or tiling array
expression signals. In this light, our approach appears to be competitive and highly promis-
ing. See, for example, the second last exon marked by the red arrow, a predicted and indeed
true novel exon missed by competing approaches. Overall, our predicted gene structure is
very close to the verified transcripts. Gel electrophoresis of resulting PCR products visual-
izes splicing events, see Fig. 3.15-B. The initially (unspliced) primed region on the genome
comprised 1,934 nt. Due to splicing verified mature transcripts are significantly shorter as,
for example, indicated by the band at ∼100 bp (red arrow). Fig. 3.15-C depicts a potential
seed for a new isoform of the lncRNA MALAT1. Several predicted splice sites are confirmed
by short reads (C1, C2). Note the endstanding 3’ exon. The preceding acceptor is read-
confirmed, the subsequent donor is EST-confirmed and coincides with results of other gene
finders. Fig. 3.15-D shows an evident revision of a protein-coding gene annotation. Spliced
reads undoubtedly confirm two predicted introns. However, there is a consensus about 3 of
4 SS but the annotation of the highlighted exon (D1) is either incomplete due to alternative
splicing or simply wrong, since depicted spliced reads confirm our prediction and contrast ex-
isting annotation. Fig. 3.15-E depicts a predicted transcript located antisense to the HOTAIR
lncRNA. According to Geneid, it is an elongation of the 3’-UTR of HOXC11 (E1).
3.3.3 Discussion
As outlined, splicing constitutes the universal mechanism that characterizes a whole class
of intron-containing transcripts. Computational prediction of protein-coding genes is well-
understood. In turn, lncRNA gene prediction is in its infancies and novel bioinformatic
approaches for their detection in genomic sequences are highly desirable.
Here, we present an innovative approach to predict novel intron-containing spliced transcripts
in genomic data. Splice sites are the outstanding feature shared by all intron-containing
transcripts. We implemented a protocol for the computational prediction of novel vertebrate
SS. These constitute anchors for de novo gene finding in vertebrate genomes. However, we
mainly focused on human.
Our approach is designed to identify both novel coding and non-coding transcripts. We
demonstrate that the majority of predicted transcripts derives from non-coding regions and
that underlying gene predictions are not result of chance. A considerable amount of predic-
tions, including splice sites, exons, introns, as well as whole gene structures, can already be
validated by transcript data such as spliced ESTs and short reads. Independently from us,
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Figure 3.15. Examples of predicted gene structures. The figure depicts selected exam-
ples of predicted gene structures which likely refine existing annotation. Note the corre-
sponding paragraph “Refinements of annotation” in the main text for full details. (A) In
silico predicted and in vivo validated transcripts of unknown function. Our predictions
(top) convincingly coincide with the experimentally verified transcripts below. (B) Gel
electrophoresis visualizes real splicing events. The genomic context of verified transcripts
is presented in A. Given the existing gene annotation tracks, our RT-PCR analysis re-
vealed surprisingly pervasive transcription (A-2). Our novel isoforms were not indicated
by any existing method. (C) Potential seed for a new isoform of the lncRNA MALAT1.
(D) Revision of a protein-coding gene annotation. Any existing annotation track fails to
indicate our read supported SS at D1. (E) Putative elongation of the 3’UTR of HOXC11.
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other groups simultaneously verified some of our predictions which consequently became part
of official gene tracks such as RefSeq. In summary, these findings confirm our approach and
suggest the existence of novel multi-exon transcripts. However, the overall fraction of func-
tional transcripts within our predictions remains elusive. Of course, our data may contain
false positive predictions, such as previously unrecognized pseudogenes. The SVM decision
might be biased by unannotated repeats or protein-coding genes with usually well-conserved
exons at the opposite strand. Introns that are antisense to protein-coding genes exhibit un-
usually high sequence conservation which may mislead the SVM classifier. However, rejecting
such SS candidates reduces the chance to detect intact gene structures. Nonetheless, we
conclude that our splice-site-derived gene predictions constitute potential seeds to possibly
identify novel functional transcripts, including long non-coding RNAs.
We have introduced a valuable extension of our intron prediction approach, see section 3.2,
where we already provided evidence that intron prediction is the key to detect novel tran-
scripts and mlncRNAs in particular. We not only adjust and extent our previous method to
face the peculiarities of pervasive vertebrate transcription and more complex gene structures
compared to insects and nematodes, we in fact substantially improve key aspects of the whole
protocol. We demonstrate that tree-based log-odds substitution scores, compared to previ-
ously applied pairwise substitution scores, superiorly distinguish between true and false SS.
Thus, we consider our novel scoring scheme to be valuable for future analysis in the field.
In the previous section we identified introns. Now, we predict single individual SS. As shown,
this still gives the opportunity to detect novel intron-containing transcripts but may also
pioneer the detection of novel intronically encoded RNAs. An exciting vision, given that
about 81% of all spliced human protein-coding genes (70% in mouse) have transcriptionally
active introns Louro et al. [2008] which, for example, host the majority of mammalian miRNAs
[Saini et al. 2008]. With our latter approach we were restricted to cluster introns to derive
putative gene structures. However, individual SS prediction now allows to infer putative
small exons. Thus, actual gene structures can be deciphered in more detail. By design, we
can still only detect partial gene structures. On the one hand splice sites are an outstanding
characteristic feature shared by countless genes. On the other hand they are not enough to
define exact gene borders. By design, our approach will always miss the first and last exon
of any spliced transcript.
In summary, we compiled evidence that splice site prediction enables the identification of novel
long ncRNAs in vertebrate genomes. Certainly, we are still far from a complete annotation
of the human RNA transcriptome. However, seeds for future annotation projects are already
available.
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Conclusion
Recapitulating the Results of this Work. In this thesis, we faithfully addressed the
problem of computational prediction of non-coding RNAs, one of the most challenging tasks
in current bioinformatic research.
We distinguished between short and long non-coding RNAs due to the diverse nature of
RNA molecules. In summary, we applied existing and developed novel accurate strategies to
identify members of both classes.
In the first part of the thesis, we focused on the detection of short ncRNAs exhibiting thermo-
dynamically stable and evolutionary conserved secondary structures. We provided evidence
for the presence of short structured ncRNAs in a variety of different species, ranging from
bacteria to insects and higher eukaryotes. In particular, we highlighted drawbacks and oppor-
tunities of RNAz-based ncRNA prediction at several hitherto scarcely investigated scenarios.
Since RNAz hits are subject to specific selection pressures, it is highly likely that RNAz predic-
tions have distinctive biological function.
In contrast to the human RNAz screen only a few thousand putative structured RNAs could
be identified in urochordates. However, this is consistent with the hypothesis that ncRNAs
form the basis of a complex cellular regulation system that has been vastly expanded in
vertebrates. The systematic comparison of the genomic DNA of C. elegans and C. briggsae
revealed evidence for a large number of structured RNA motifs. Most are located either within
introns or relatively far away from known protein-coding regions. The comparable density of
signals in introns and intergenic regions, and the sparse occurrence of signals in UTRs, also
tally well with a recent experimental study of C. elegans ncRNAs, in which 56% of 198 loci
were found in introns versus 42% in intergenic and only a few in untranslated regions [Deng
et al. 2006].
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With our analyses of nematode genomes we demonstrated to which extent a denser taxon
coverage increases the specificity of ncRNA annotation. Studying ncRNAs comparatively
requires a sufficient data basis consisting of genomes in appropriate phylogenetic distance
and relationship. Recover Fig. 2.33, we performed two independent surveys for nematode
short ncRNAs with striking different results: within four years of RNA research and the
release of novel genomes and alignment techniques, the number of RNAz-detected RNA signals
increased from ∼3,000 to ∼15,000 for Caenorhabditis species. However, the presumably most
crucial difference between our nematode RNAz screens explaining the different outcomes are
the analysed input alignments (2-way ClustalW vs. 5-way Multiz).
Our Drosophila screen finally highlights the opportunities of a dense taxon coverage. The
12 drosophilids have optimal phylogenetic distance for accurate ncRNA prediction yield-
ing 16,000 high-quality ncRNA signals. Taking into account a pessimistically estimated
false discovery rate of about 40%, we speculate that at least some ten thousand loci in a
Drosophila genome show the hallmarks of stabilizing selection action on RNA structure and
hence are most likely functional at the RNA level. Isogai et al. [2007] provided evidence that
in Drosophila the alternative TRF1/BRF complex appears responsible for the initiation of
all known classes of Pol III transcription. Small ncRNAs are known Pol III transcripts. We
observed that highly significant RNAz hits (p > 0.9) are about three-fold enriched in these
regions. Analyzing RNAz hits that coincide with TRF1/BRF binding regions yielded tRNAs,
7SL RNAs, and a subset of snoRNAs. In addition to these known ncRNAs, we found 197
unannotated loci which are prime candidates for novel Pol III transcripts. A comparison of
the distances between RNAz hits and their nearest annotated protein-coding sequence showed
that structured RNAs are concentrated much more strongly around known genes in flies
than in human, even when accounting for the much more compact D. melanogaster genome.
However, we accumulated evidence for the existence of a distinct independently transcribed
drosophilid-specific class of ncRNAs with a higher propensity for large intergenic regions
compared to human (recover Fig. 2.10). Our observations agree with recent tiling array data
[Manak et al. 2006] which showed that a much smaller fraction of intergenic transcription is
truly independent from surrounding protein-coding genes in flies compared to human [EN-
CODE Project Consortium 2007]. Using structure-based clustering, we furthermore identified
previously undescribed classes of RNA motifs which are conserved among drosophilids and
convincingly share structural similarities, see Fig. 2.12, 2.13, and 2.14.
Next, we analysed short RNAs in the context of whole genome duplications using teleost
genomes. As in other metazoan animals, we found evidence for several thousand structured
RNA motifs of which only a small fraction can be annotated. Again, due to the large evo-
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lutionary distances among teleosts compared to mammals, our RNAz screen has a decreased
sensitivity. The absolute value of eleven thousand structured RNA elements thus cannot be
fairly compared with the much larger number of predictions for mammalian genomes. We
found that very few ncRNAs retain recognizable duplicates. Indeed, only a small minor-
ity of structured ncRNAs appears in a copy number between two and eight. This severely
limits attempts to detect structured RNAs by comparing paralogous regions of the same
genome. Despite the inherent limitations of “comparative genomics with a single genome”
due to massive loss of duplicated genes, we feel that further methodological improvements are
worthwhile; these will focus in particular on increasing the sensitivity of detecting paralogous
regions.
Genome-wide ncRNA detection using RNAz suffers from substantial sequence conservation,
since reasonable input alignments are required. Due to computational effort, genome-wide
alignments can only be generated with respect to sequence homology. Whole-genome struc-
tural alignments are still computationally too expensive.
Since the performance of any comparative genomics approach is limited by the quality of its
input alignments, we introduce a novel light-weight and performant genome-wide alignment
approach: NcDNAlign (see section 2.8). It must be emphasized that, whereas a massive com-
puter cluster of 1,024 nodes (866MHz) had been applied for 481 days to generate the first
genome-wide pairwise alignments of human and mouse [Schwartz et al. 2003], our computa-
tions using the NcDNAlign program processing a comparable amount of data can be done on
one single workstation (Intel Xeon 2.80GHz CPU, 1GB RAM) in a few days. Today, 866MHz
CPUs appear very slow but 1,024 such CPUs are still powerful. The necessity of such ex-
cessive computational power to generate genome-wide alignments with existing approaches is
more than just a barrier, especially when computational resources are limited which is the
case for most scientific groups. It also hinders the frequent recomputation of comparative
genomic analyses necessitated by the constant increase in newly sequenced genomes and im-
proved genomic data. Although NcDNAlign is optimized for speed rather than sensitivity, we
demonstrated that it is basically as sensitive and specific as competing approaches when ap-
plied to genome-wide ncRNA gene finding and analysis of ultra-conserved regions. Using our
program novel evolutionary insights, e.g. of nematode conservation patterns, were obtained,
since we identified UCRs that were not present in existing alignments. Evaluating the quality
of a genome-wide alignment is not trivial. Ultra-conservation appears to be an ideal feature
for quality-control, since its hard to argue against aligned regions of 100% sequence identity.
In the Trichoplax adhaerens screen, we carried the interplay between applied alignment algo-
rithm, taxon coverage, and phylogenetic distances among applied species to an excess: 3-way
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Multiz alignments (≥ 2 species) yielded 1,416 RNAz hits, in contrast to 6-way NcDNAlign
alignments (≥ 3 species) yielded 101 RNAz hits — a striking difference which implies to crit-
ically question the design of each comparative genomics approach. Moreover, in the light of
pretty high and also excessively varying false discovery rate estimates each predictive screen
must be treated with caution. With the example of stramenopiles we finally met the lim-
its of our sequence based approach. Today, we know that the specificity of RNAz increases
dramatically with the number of aligned sequences. However, we have learned that genomes
in a suitable evolutionary distance can already give very good results even from pairwise
comparisons as demonstrated in the case of ascidians and nematodes.
We also searched for short ncRNAs beyond the means of RNAz. Based on homology and a
variety of modern bioinformatic techniques we annotated ncRNAs in schistosome genomes.
Our work is an important contribution to accumulate knowledge about the genetic information
of these malaria causing parasites which infect millions of humans world-wide and a detailed
understanding of their genetic material is therefore of utmost scientific interest.
By design, however, prediction approaches that search for regions with an excess of mutations
that maintain secondary structure motifs will miss ncRNAs that are unstructured or whose
structure is not well conserved in evolution. There is ample evidence that a considerable
amount of recently detected non-coding transcripts is poorly conserved between relatively
close species [Wang et al. 2004] and RNAs which might perform their function without the
need for a well-defined structure, e.g. antisense transcripts [Carninci et al. 2005], are not
detectable by our method.
In the second part of the thesis, we therefore overcame secondary structure prediction and,
based on splice site detection, developed novel strategies specifically designed to identify long
ncRNAs in genomic sequences.
In summary, we compiled pivotal evidence that splice site prediction is capable to reveal
novel transcripts. In section 3.2 and 3.3 we have demonstrated that splice site prediction
successfully identifies novel (1) protein-coding transcripts, UTRs, as well as mlncRNAs, (2)
transcripts without conserved secondary structures, and (3) transcripts without evolutionary
conserved sequences. Our intron prediction pipeline achieved convincing results in insect and
nematodes genomes. While by-passing the peculiarities of complex and pervasive eukaryotic
gene structures, we even accumulated evidence that splice site prediction can be utilized for
de novo gene finding in vertebrates. By design, we cannot decipher whole gene structures
in full detail. However, we conclude that splice sites constitute valuable anchors for de novo
RNA gene finding.
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Overall, we found evidence for a large number of previously undescribed RNAs which con-
solidates the idea of non-coding RNAs as an abundant class of regulatory active transcripts.
Certainly, ncRNA prediction is a complex task. This thesis, however, rationally advises how
to unveil the RNA complement of newly sequenced genomes with a variety of different tech-
niques. Since our results have already established both subsequent computational as well
as experimental studies, we believe to have enduringly stimulated the field of RNA research
and to have contributed to an enriched view on the subject. We are convinced that new
perspectives will soon raise further trailblazing innovative ideas to computationally assess a
species’ repertoire of non-coding RNA.
Outlook - Prospectives for the Future. Our results have partially motivated or at least
contributed to a series of subsequent third-party studies. The urochordate RNAz-predictions
have been used as test set to develop the structural clustering approach of Will et al. [2007].
Our Drosophila data are part of currently ongoing micro-array studies investigating functional
components of the D. melanogaster heterochromatin complex (unpublished), see Fig. 2.16.
We expect to elucidate the actual biological function of several candidate RNAs in more
detail. We inspired other groups to search for ncRNAs in drosophilids using complementary
non-thermodynamic methods, see [Bradley et al. 2009]. It turned out that these phylo-
grammer based approaches can only recover a small subset (∼10%) of our predictions but
this in fact already subtly confirms several thousand RNAz hits. Such comparisons suggest that
no single method assembles a complete catalog of ncRNAs. However, we expect that different
computational approaches, in addition applied to different whole-genome alignments, recover
distinctly different prediction sets corresponding to different phylogenetic signals present in
the particular input alignments. We assume that our work will further inspire scientists to
improve existing methods and to develop novel algorithms to illuminate the dark secrets of
non-coding RNAs.
During this work, the general experience in the development of RNA prediction, RNA gene
finding, and RNA annotation methods increased substantially. An enriched view on the
addressed problems raised new ideas to extend and improve our approaches. Maybe most
important for short RNA prediction, the RNAz 2.0 implementation has recently been released
[Gruber et al. 2010] and improved predictive power has been proven. Therefore, we assume to
reduce the number of false positive predictions in our data by re-running particular analyses.
Our teleostean screen, for example, in which duplicated RNAs could only be identified to a
limited degree might benefit from RNAz 2.0 or additional novel alignment techniques, e.g.
the LocARNA approach [Will et al. 2007] for efficient computation of structural alignments.
Probably, we can identify additional RNA classes that survived whole genome duplications
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to gain further novel evolutionary insights.
Recent advances in computing structure-oriented local alignments suggest to reveal further
novel RNAs [Torarinsson et al. 2008], as recently demonstrated for the ENCODE regions by
identification of RNAs that largely complement RNAz-detected signals [Washietl et al. 2007].
However, both studies provide experimental evidence for their predictions. We therefore have
to conclude that we are still far from having identified a species’ short ncRNA repertoire
in full detail. However, determining the fraction of genuine ncRNAs in our comprehensive
prediction tracks from either experimental or subsequent computational studies will advance
our understanding of the composition of whole transcriptomes and the general importance of
ncRNAs for cellular function.
We applied hierarchical structure-based clustering to detect novel RNA classes. We speculate
that novel differing approaches, e.g. transitive clustering [Wittkop et al. 2010] which success-
fully detects structural similarities of multi-domain proteins [Bolten et al. 2001], might also
improve structural clustering of ncRNAs.
Both the detection of short and long RNAs was based upon machine learning. Instead of using
support vector machines, as recently demonstrated for de novo identification of microRNAs
[Xu et al. 2008], it is conceivable to lend from other information retrieval techniques such as
ranking and random walks with respect to relevance values derived from simple but eligible
local sequence-structure features characteristically describing an RNA (class). Xu et al. [2008]
described precursor hairpins via the 32 (4× 8) possible sequence-structure configurations for
each triplet of a molecule (4 different bases and 8 different secondary structure motifs for each
triplet). It appears to be difficult to define similar statistically significant sequence-structure
features for long ncRNAs but other short RNAs, beyond miRNA precursors, are likely to
be identified by such techniques. Since long ncRNAs are currently moving into the scientific
focus we expect the release of enriched annotation data. Therewith, bioinformatic techniques
to computationally investigate long spliced ncRNAs will improve and contribute to a better
understanding of their biology.
Long non-coding RNA gene prediction is in its infancies. Today, it is not clear to which
extent long ncRNAs contain structural motifs which probably can be utilized to facilitate
their detection. We have demonstrated that conserved and stable secondary structure motifs
are abundantly found in genomic sequences. This per se suggests that some of them are
also located at gene loci of long ncRNAs — simply because these molecules are long and
hence cover a considerable part of a chromosomes’ genomic sequence. It has been reported
that some experimentally validated long ncRNAs contain RNAz signals [Pang et al. 2009].
We doubt that these signals can be utilized to reliably annotate lncRNAs. It is not clear
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whether these structural motifs belong to intronically hosted small RNAs or to a functional
component of the host RNA itself. Our data intensify this debate. Our intron-containing
non-coding transcript predictions of insects basically exhibit no conserved secondary structure
signals. In contrast, we found 305 splice site derived exons in human which have RNAz hits.
It is not understood if such signals are species specific or indicative of a specific RNA class.
Subsequent research projects investigating to which extent long ncRNAs contain lncRNA-
specific secondary structure motifs are necessary to illuminate the topic.
We conclude that a solid combination of bioinformatic tools together with established wet-
lab techniques such as full-length cDNA sequencing, tiling arrays, or next-generation tran-
scriptome sequencing will steadily improve the annotation of the complex eukaryotic gene
repertoire in the near future. Today, continuously quickening its pace, bioinformatics already
tackles the eternal mysteries of short and long non-coding RNAs.
4. Conclusion
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